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Abstract

Artificial intelligence (AI)-powered personalized recommendation systems can enhance rel-
evance and convenience, but their reliance on extensive personal data processing may also
heighten users’ perceptions of privacy intrusion. This study examines the relationship be-
tween perceived privacy invasion and consumer adoption willingness, with psychological
resistance as a statistical mediator and perceived algorithm transparency (PAT) as a moder-
ating condition. Drawing on the privacy-cost perspective of privacy calculus theory and
psychological reactance theory, this study focuses on the privacy-related inhibition pathway
of AI recommendation adoption. Survey data were collected from 518 Chinese adult Inter-
net users with recent experience of AI-powered personalized recommendation services and
analyzed using partial least squares structural equation modeling (PLS-SEM). The results
show that perceived privacy invasion was negatively associated with consumer adoption
willingness (β = −0.357) and positively associated with psychological resistance (β = 0.279),
whereas psychological resistance was negatively associated with adoption willingness
(β = −0.286). Psychological resistance statistically partially mediated the association be-
tween perceived privacy invasion and adoption willingness (indirect effect = −0.080). The
interaction between perceived privacy invasion and PAT was negative and statistically
significant (β = −0.162), indicating that the positive privacy invasion–resistance association
was less pronounced at higher levels of PAT. Supplementary conditional process analysis
further showed that the negative indirect association through psychological resistance weak-
ened as PAT increased, with a significant index of moderated mediation (index = 0.0464,
95% bootstrap CI [0.0191, 0.0816]). Additional analyses using common-method-bias di-
agnostics, PLSpredict and CVPAT, and a targeted Gaussian copula robustness check for
PAT provided complementary evidence regarding measurement robustness, predictive
relevance, and the robustness of PAT-related estimates. Age-based multigroup analysis re-
vealed no statistically significant age-based heterogeneity in the structural path coefficients
across the 18–29, 30–49, and 50+ age groups. This study contributes to the literature by
identifying psychological resistance as a motivational pathway associated with privacy-
related adoption responses and by conceptualizing PAT as a user-level perceptual boundary
condition in AI-powered personalized recommendation contexts.
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1. Introduction
Artificial intelligence (AI) has become deeply embedded in digital commerce and

platform ecosystems, especially in e-commerce, social media, and online content distribu-
tion [1]. One of its most influential applications is AI-powered personalized recommen-
dations, which use consumer data to infer preferences, tailor content, and support online
decision-making [2]. Previous studies have suggested that personalization can improve
information matching, reduce search effort, and enhance the effectiveness of recommenda-
tion services [3,4]. Recent studies, including work published in the Journal of Theoretical
and Applied Electronic Commerce Research, further show that AI-powered personalized
recommendations are closely associated with consumer clicking intentions, spontaneous
buying responses, and broader behavioral evaluations across e-commerce and short-form
video environments [4–6]. Thus, AI recommendations have become a crucial way for
consumers to be exposed to products/services and information in algorithm-mediated
environments [1,2].

A recent empirical study also indicated that perceived accuracy is a significant value-
enhancing mechanism when it comes to personalized AI recommendations. For instance,
Zhu et al. [7] discovered that perceived accuracy positively affects the degree of consumer
willingness to adopt the product directly, in addition to indirectly by influencing perceived
benefit; product involvement moderates this effect. These findings highlight the benefit-
oriented pathway through which AI recommendation systems promote adoption.

These benefits notwithstanding, AI-driven personalized recommendation is not neces-
sarily seen as an unquestionably good technology [8,9]. It relies on ongoing data collection,
integration, and processing of personal information, which can lead to feelings of discom-
fort, vulnerability, and being intruded upon [8,10,11]. Personalized outputs can be seen as
an intrusion if the users think the recommendation system knows too much about them.
This tension is indicative of the personalization–privacy paradox, which states that the
same personalization practices that make things more relevant and useful can also make
people more aware and concerned about privacy issues, and more negative or less positive
about the experience [8,9,12–14]. Recent research has further suggested that acceptance
of the recommendations is dependent upon how beneficial the personalization is versus
their concerns with privacy violation and that privacy-preserving or explainable interven-
tions can have a meaningful impact on reducing perceived privacy violation in digital
consumption situations [15,16].

Against this background, consumer adoption willingness becomes a critical outcome
in AI-powered recommendation contexts [3,17]. Adoption willingness reflects whether
users are willing to accept, rely on, and continue using AI-generated recommendations
in actual consumption settings [3,17,18]. Existing studies suggest that responses to algo-
rithmic systems are shaped not only by performance-related evaluations, but also by trust,
transparency, explainability, and privacy perceptions [3,11,17,19]. In this sense, perceived
privacy invasion may represent a major barrier to adoption [8,11,20]. Once users perceive
that a recommendation system has crossed the boundary between personalization and
intrusion, their willingness to accept and use that system may decline substantially [8,9,21].

Although this relationship is increasingly relevant, the literature has not yet fully
explained how perceived privacy invasion is associated with lower consumer adoption
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willingness in AI-powered personalized recommendation contexts. Prior research on per-
sonalization and privacy has mainly focused on privacy concern, trust, perceived risk, or
communication effectiveness, often showing that excessive or covert information collection
is associated with less favorable user responses [8,9,21]. Related work on information pri-
vacy has similarly demonstrated that perceptions of privacy are associated with behavioral
intentions and willingness to engage in online transactions [11,20]. However, compared
with the expanding literature on the value-enhancing role of AI recommendations, the
privacy-related inhibition pathway remains less developed, particularly with respect to the
psychological process that may statistically link perceived privacy invasion with adoption
willingness [2–4].

One important missing link is psychological resistance. Grounded in psychological
reactance theory, psychological resistance refers to a negative motivational state that may
arise when individuals perceive that their freedom, autonomy, or control is being restricted
or manipulated [22,23]. In AI-powered recommendation settings, users may not only be
concerned about privacy in an abstract sense; they may also experience psychological
resistance when personalized recommendations create the impression that the system
is overly intrusive, difficult to control, or steering their choices without sufficient autho-
rization [9,12,22,23]. Under such conditions, stronger perceived privacy invasion may be
associated with greater discomfort, defensiveness, and resistance, which may in turn be
associated with lower willingness to adopt AI recommendations [9,11,23]. However, prior
research has rarely examined psychological resistance as a statistical mediating pathway
linking perceived privacy invasion with consumer adoption willingness in AI-powered
personalized recommendation contexts.

A second unresolved issue concerns perceived algorithm transparency (PAT). Prior
research suggests that transparency and explainability are associated with users’ trust,
perceived legitimacy, and acceptance of AI systems [3,17,24]. In the present study, PAT
refers specifically to the extent to which users perceive that they understand how and why
recommendations are generated, what information is used, and how the system arrives
at personalized outputs [17,25]. Greater perceived transparency may provide interpretive
cues that reduce uncertainty surrounding recommendation logic and data use. Accordingly,
PAT may serve as a user-level perceptual boundary condition in the association between
perceived privacy invasion and psychological resistance [3,17]. Although transparency
has received growing attention, its moderating role in the privacy invasion–resistance
relationship remains comparatively underexplored in consumer-facing AI recommendation
contexts [17,24,25].

A further empirical question concerns potential age-based heterogeneity in these
relationships. Much of the prior literature on AI recommendation adoption has focused
on younger or digitally experienced users, even though AI-powered recommendation
services are increasingly used by a broader population [1,17,26]. It therefore remains
useful to examine whether statistically detectable differences in the proposed privacy–
resistance–adoption relationships emerge across age groups. Rather than assuming age-
based heterogeneity a priori, the present study treats age-based multigroup analysis as
an exploratory assessment of potential structural heterogeneity rather than as a test of
structural equivalence or generalizability.

Against this background, the present study examines the relationship between per-
ceived privacy invasion and consumer adoption willingness in AI-powered personalized
recommendation contexts. More specifically, this study develops and tests a first-stage
moderated mediation framework in which perceived privacy invasion is expected to be
negatively associated with consumer adoption willingness, psychological resistance sta-
tistically mediates this association, and perceived algorithm transparency moderates the
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positive association between perceived privacy invasion and psychological resistance. In
addition, the study evaluates whether statistically detectable heterogeneity in these struc-
tural relationships exists across three age groups (18–29, 30–49, and 50+). Drawing on the
privacy-cost perspective of privacy calculus theory and psychological reactance theory, this
study therefore seeks to clarify both the motivational pathway associated with privacy-
related responses and the perceptual condition under which the privacy invasion–resistance
association may be attenuated.

This study contributes to the literature in four ways. First, it advances research
on AI-powered personalized recommendations by complementing the dominant value-
enhancing perspective with a privacy-related inhibition perspective. Rather than focusing
only on why consumers accept AI recommendations, this study examines why stronger
perceptions of privacy invasion are associated with lower adoption willingness in data-
intensive personalization contexts [2,4,17]. Second, the study contributes to privacy research
by focusing on perceived privacy invasion as an immediate perception of boundary crossing
and by examining psychological resistance as a motivational response associated with that
perception. Rather than treating privacy-related responses only as broad evaluations of
potential privacy risk, the proposed framework links perceived boundary violation with
an autonomy-related resistance response [22,23]. General privacy concern, however, is not
measured as a separate construct in this study; therefore, the distinction between perceived
privacy invasion and general privacy concern is conceptual rather than an empirically
tested discriminant distinction. Third, the study extends psychological reactance theory
to AI-powered personalized recommendation by testing psychological resistance as a
statistical mediating pathway between perceived privacy invasion and consumer adoption
willingness. This provides a more specific account of how privacy-related perceptions may
be associated with adoption willingness through an intervening motivational response.
Fourth, the study contributes to research on algorithm transparency by conceptualizing
perceived algorithm transparency as a user-level perceptual boundary condition rather
than an objective platform governance property. By testing whether the privacy invasion–
resistance association varies with users’ perceived understanding of recommendation
logic, data use, and explanations, this study extends research on transparency beyond its
commonly examined direct associations with trust and acceptance. More specifically, the
study examines whether PAT conditions not only the first-stage privacy invasion–resistance
association but also the corresponding indirect association between perceived privacy
invasion and adoption willingness through psychological resistance.

The remainder of this paper is structured as follows. Section 2 reviews the relevant
literature and develops the hypotheses. Section 3 presents the research methodology,
including sampling, measurement, and data analysis procedures. Section 4 reports the
empirical findings. Section 5 discusses the theoretical and practical implications of the
results. Section 6 concludes the study and discusses its theoretical contributions, managerial
implications, limitations, and directions for future research.

2. Literature Review and Hypothesis Development
2.1. Theoretical Background

This study is theoretically grounded in privacy calculus theory and psychological reac-
tance theory, with the personalization–privacy paradox used as the contextual background
for understanding AI-powered personalized recommendation. Privacy calculus theory
provides a basis for understanding perceived privacy invasion as a privacy-related cost that
may be negatively associated with consumer adoption willingness. Psychological reactance
theory can be used to understand why users may react psychologically to the invasion of
their privacy and thus limit their willingness to adopt because they feel their autonomy,
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freedom, and perceived control have been threatened. The logical underpinning of the
personalization–privacy paradox is the notion that AI-driven personalization can generate
value and exacerbate privacy concerns at the same time. It should be noted that this study
does not try to test the entire benefit–cost structure of privacy calculus theory. Rather, it
looks at the privacy-cost side of the privacy calculus theory by examining the direct and
indirect associations of perceived privacy invasion with consumer adoption willingness
toward AI-powered personalized recommendations.

According to privacy calculus theory, consumers assess digital services based on the
benefits that they perceive and the costs or risks that they perceive related to privacy [11].
This perspective has theoretical foundations in social exchange theory, which argues that
social behavior is an exchange process that is influenced by rewards and costs [27]. The logic
of these early privacy studies was extended by privacy research questioning disclosure,
which posits that disclosure is based on behavioral calculus by comparing the expected
benefits with the possible privacy losses [28,29]. Subsequent research on information
systems has explored this view in online environments and found that the perceived
benefits, privacy concerns, and online trust cues are all factors to consider in privacy-
related decision-making [11,19,20].

This perspective is particularly relevant in AI-powered personalized recommendation
environments because recommendation effectiveness depends on the extensive collection
and use of personal data [3,11,19]. Although such data use may improve relevance and
convenience, it may also raise perceptions of privacy intrusion, vulnerability, and reduced
control [9,10]. Recent studies have further shown that recommendation acceptance increas-
ingly depends on how users balance personalization benefits against privacy-related risks
in data-intensive digital environments [14,15]. Therefore, privacy-related evaluations are
likely to play an important role in shaping consumers’ willingness to accept AI-generated
recommendations [11,17,20].

At the same time, privacy-related perceptions do not operate only through rational
cost–benefit evaluation. Psychological reactance theory argues that when individuals
perceive threats to their freedom, autonomy, or control, they may develop a negative
motivational state characterized by resistance, defensiveness, and opposition [22,23]. This
perspective is useful for explaining why users may respond negatively to AI-powered
personalized recommendation systems when they feel that such systems are excessively
intrusive or manipulative [9,22]. Recent studies on digital personalization and AI-mediated
interaction also suggest that privacy threats may be associated with discomfort, skepticism,
and withdrawal responses. In this sense, privacy invasion may also be associated with
psychological resistance in an affective and motivational sense [12,14,30].

Research on transparent and explainable AI further suggests that transparency can
shape user perceptions of trust, legitimacy, and acceptance [3,17,24]. In recommendation set-
tings, transparency may reduce uncertainty about how recommendations are generated and
thus weaken users’ suspicion that they are being covertly monitored or manipulated [17,25].
More recent studies also indicate that transparency signaling can improve trusting beliefs
and advice utilization in algorithmic systems, especially when users are uncertain about
data usage and recommendation logic [25,31,32]. Accordingly, perceived algorithm trans-
parency may function as an important boundary condition in the relationship between
perceived privacy invasion and psychological resistance.

Based on these theoretical perspectives, this study proposes a privacy-related inhibi-
tion framework in which perceived privacy invasion is expected to be negatively associated
with consumer adoption willingness both directly and indirectly through psychological
resistance. Perceived algorithm transparency is further proposed as a boundary con-
dition that moderates the positive association between perceived privacy invasion and
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psychological resistance, such that this association is weaker at higher levels of perceived
algorithm transparency.

2.2. Perceived Privacy Invasion and Consumer Adoption Willingness

Perceived privacy invasion refers to users’ subjective perception that the collection,
inference, or use of their personal information crosses acceptable privacy boundaries or feels
excessively intrusive [8,11,20]. In AI-powered personalized recommendation environments,
users often recognize that recommendation systems rely on behavioral data, browsing
histories, interaction patterns, and inferred preferences to generate tailored outputs [2,3].
However, when such personalization becomes too precise or too intrusive, users may feel
that the system has crossed the boundary between relevance and intrusion [8,9]. Under
these conditions, the recommendation process may be viewed less as a helpful service and
more as an unwelcome form of surveillance [8,12].

Prior research has consistently shown that privacy-related concerns can reduce favor-
able responses to personalized digital communication [8,9,21]. Studies on online person-
alization and targeted advertising have shown that excessive information collection may
undermine trust and reduce user acceptance [8,9]. Research on information privacy has
similarly shown that privacy perceptions influence behavioral intention and willingness to
engage in online transactions or information disclosure [11,20,33]. More recent studies in
AI-enabled recommendation contexts have further shown that consumers’ recommenda-
tion acceptance depends on how they resolve the personalization–privacy paradox and
whether privacy-preserving or control-enhancing mechanisms are present [15,16]. Recent
research further suggests that AI-enabled personalization may simultaneously create value
while heightening perceptions of surveillance, privacy violation, and privacy-related risk,
reinforcing the need to examine the downside of personalized commerce [34,35]. In the
context of AI-powered recommendation, this logic suggests that when users perceive
recommendation systems as privacy-invasive, they are less likely to accept, rely on, or
continue using them [3,17]. Accordingly, perceived privacy invasion is expected to be
negatively associated with consumer adoption willingness.

H1. Perceived privacy invasion in AI-powered personalized recommendations is negatively associ-
ated with consumer adoption willingness.

2.3. Perceived Privacy Invasion and Psychological Resistance

Although perceived privacy invasion may be directly associated with lower willing-
ness to adopt AI recommendations, its association with adoption willingness may also
involve a more immediate psychological response. According to psychological reactance
theory, individuals tend to resist situations in which they perceive that their freedom,
autonomy, or behavioral control is being constrained [22,23]. In digital recommendation en-
vironments, privacy invasion may create such a perception because users may feel that the
system is monitoring them too closely, shaping their choices in opaque ways, or narrowing
their decision space without explicit authorization [12].

Prior personalization research has shown that consumers may react negatively when
data use practices appear overly intrusive or manipulative [8,9]. These findings imply that
perceived privacy invasion may be associated not only with cognitive concern, but also with
a stronger motivational response in the form of psychological resistance. In AI-powered
recommendation contexts, users who feel that recommendations are generated through ex-
cessive or intrusive data practices may become defensive, suspicious, and resistant toward
the system [12,14]. This interpretation is also consistent with recent consumer-behavior
research emphasizing consumer autonomy threat as an important concern in AI marketing
and AI-based promotions. When AI-driven promotional or recommendation practices are
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perceived as constraining consumers’ freedom of choice or exerting excessive influence
over their decisions, autonomy-related resistance may become particularly salient [36].
Recent studies have also emphasized that privacy intrusiveness in interactive digital envi-
ronments can heighten psychological resistance and reduce engagement, particularly when
personalization is perceived as manipulative or uncontrollable [30,37]. Therefore, perceived
privacy invasion is expected to be positively associated with psychological resistance.

H2. Perceived privacy invasion in AI-powered personalized recommendations is positively associ-
ated with psychological resistance.

2.4. Psychological Resistance and Consumer Adoption Willingness

Psychological resistance reflects a negative motivational state in which individuals
oppose or avoid a system because they perceive it as controlling, intrusive, or manip-
ulative [22,23]. In AI-powered recommendation settings, such resistance is likely to be
associated with lower willingness to accept and use recommendation outputs [3]. Even if a
recommendation system is functionally effective, users may hesitate to adopt it when they
feel discomfort, suspicion, or defensiveness toward the recommendation process itself [12].

This argument is consistent with the broader literature on user responses to algorith-
mic systems. Studies on explainable AI and algorithmic interaction suggest that trust,
transparency, and perceived legitimacy are important preconditions of acceptance [3,17,24].
When these conditions are weakened and users instead experience resistance, adoption
willingness is likely to decline [3,17]. Recent studies in AI and digital service environments
also show that psychological resistance can suppress sustained use, engagement, and sup-
portive behavioral intention when users feel that system decisions undermine autonomy
or comfort [38,39]. In this sense, psychological resistance represents a critical negative
mechanism through which users withdraw from algorithmically mediated services. Ac-
cordingly, psychological resistance is expected to be negatively associated with consumer
adoption willingness.

H3. Psychological resistance is negatively associated with consumer adoption willingness.

2.5. The Mediating Role of Psychological Resistance

The above arguments suggest that perceived privacy invasion may be negatively
associated with adoption willingness both directly and indirectly through psychological
resistance. When users perceive AI-powered personalized recommendation as being overly
intrusive, they may feel that the system threatens their autonomy or exceeds acceptable
boundaries of personalization [8,9,12]. This perception may be associated with heightened
psychological resistance, which in turn may be associated with lower willingness to adopt
the recommendation system.

Compared with privacy-focused models that primarily emphasize broader risk or
concern evaluations, the present framework focuses on perceived privacy invasion as an
immediate boundary-crossing perception and psychological resistance as an autonomy-
related motivational response associated with that perception. This formulation does not
empirically compare perceived privacy invasion with general privacy concern; rather, it
specifies the particular privacy-related perception examined in the present model and
the motivational pathway through which it is statistically associated with adoption will-
ingness [11,23]. Recent research on AI personalization, recommendation systems, and
intelligent assistants has similarly suggested that privacy concern often influences user
behavior through intermediate emotional or motivational responses, rather than through
direct evaluation alone [40–42]. Thus, the mediating role of psychological resistance helps
clarify the internal process through which privacy invasion becomes behaviorally conse-
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quential in AI-powered recommendation environments. Therefore, psychological resistance
is expected to mediate the negative association between perceived privacy invasion and
consumer adoption willingness.

H4. Psychological resistance mediates the negative association between perceived privacy invasion
and consumer adoption willingness.

2.6. The Moderating Role of Perceived Algorithm Transparency

Perceived algorithm transparency (PAT) refers to the extent to which users perceive
that they can understand how and why an AI system generates personalized recommenda-
tions, what information is used in the recommendation process, and whether understand-
able explanations are available when needed [17,25]. In the present study, PAT is therefore
conceptualized as a user-level perceptual construct, rather than as an objective property
of an algorithm or a direct measure of platform governance. This distinction is important
because users may differ in their perceptions of transparency even when they interact with
the same technical system.

Prior research suggests that greater perceived transparency and explainability are
associated with stronger trust, perceived legitimacy, and acceptance of AI systems because
they reduce uncertainty regarding how algorithmic decisions are produced [3,17,24,25].
Recent JTAER research on e-commerce recommendation systems likewise highlights AI
transparency as an important informational and perceptual factor associated with user
evaluation and behavioral responses [43]. In personalized recommendation environments,
users may be particularly sensitive to uncertainty surrounding data use, inferred prefer-
ences, and recommendation logic. When users perceive that they understand why specific
content is recommended and how relevant data are used, the recommendation process
may appear less opaque and less difficult to interpret.

This perceptual clarity may be particularly relevant when users already experience
privacy-related concerns. Perceived privacy invasion reflects the sense that personal
data practices have crossed acceptable privacy boundaries, whereas perceived algorithm
transparency reflects the extent to which users believe that the recommendation process is
understandable and explainable. Although transparency does not eliminate the perception
of privacy invasion itself, greater PAT may provide users with interpretive cues that
reduce ambiguity surrounding the recommendation process. As a result, a given level
of perceived privacy invasion may be associated with a less pronounced psychological
resistance response when perceived algorithm transparency is relatively high.

By contrast, when perceived algorithm transparency is low, users have fewer inter-
pretive cues for understanding how recommendations are generated or why particular
personal information appears to have been used. Under such conditions, perceived privacy
invasion may be more strongly associated with suspicion, defensiveness, and psychological
resistance. Thus, PAT is conceptualized as a perceptual boundary condition that may attenu-
ate the positive association between perceived privacy invasion and psychological resistance.

Accordingly, this study proposes that perceived algorithm transparency negatively
moderates the association between perceived privacy invasion and psychological resis-
tance, such that the positive association is weaker at higher levels of perceived algorithm
transparency.

H5. Perceived algorithm transparency negatively moderates the association between perceived
privacy invasion and psychological resistance, such that the positive association between perceived
privacy invasion and psychological resistance is weaker at higher levels of perceived algorithm
transparency.
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Taken together, the proposed first-stage moderation implies a conditional indirect
association. If perceived algorithm transparency weakens the positive association between
perceived privacy invasion and psychological resistance, then the negative indirect asso-
ciation between perceived privacy invasion and consumer adoption willingness through
psychological resistance should also become weaker as perceived algorithm transparency
increases. Accordingly, this study proposes the following moderated mediation hypothesis.

H6. The negative indirect association between perceived privacy invasion and consumer adoption will-
ingness through psychological resistance is weaker at higher levels of perceived algorithm transparency.

2.7. Research Model

Based on the above theoretical arguments, this study proposes a first-stage moderated
mediation model as shown in Figure 1.

Figure 1. Research model. Note: H4 represents the statistical mediating role of psychological
resistance in the association between perceived privacy invasion and consumer adoption willingness.
H5 represents the first-stage moderating role of perceived algorithm transparency in the association
between perceived privacy invasion and psychological resistance. H6 represents the moderated
mediation hypothesis, whereby the negative indirect association between perceived privacy invasion
and consumer adoption willingness through psychological resistance is expected to become weaker
at higher levels of perceived algorithm transparency. H6 is tested statistically through conditional
indirect effects and the index of moderated mediation and is therefore not represented by a separate
structural path in the figure.

The overall model examines how perceived privacy invasion is associated with con-
sumer adoption willingness, the statistical mediating role of psychological resistance in this
relationship, and the conditions under which the privacy invasion–resistance association
may be attenuated. Perceived privacy invasion is expected to be negatively associated
with consumer adoption willingness (H1) and positively associated with psychological
resistance (H2), while psychological resistance is expected to be negatively associated with
adoption willingness (H3) and to mediate the PV–AW association (H4). It is also proposed
that perceived algorithm transparency moderates the PV–PR association such that this
positive association is weaker at higher levels of PAT (H5). Building on this first-stage
moderation, the model further proposes that the negative indirect association between
perceived privacy invasion and consumer adoption willingness through psychological
resistance becomes weaker as PAT increases (H6).
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Age was additionally examined as a potential source of heterogeneity in the structural
relationships. Prior technology-adoption research suggests that generational groups may
differ in the motivational factors, consumption values, and behavioral intentions associated
with digital-service adoption [44]. However, chronological age alone may not fully capture
these underlying motivational or value-based differences. Accordingly, the age-based multi-
group analysis in the present study was treated as an exploratory assessment of whether
statistically detectable structural differences emerged across the three age categories, rather
than as a test of deterministic generational effects.

3. Methodology
This study employs a quantitative research design according to the positivist paradigm,

which emphasizes the objective measurement and statistical validation of relationships
between variables [45]. This approach is appropriate for examining the relationships
between perceived privacy invasion, psychological resistance, perceived algorithm trans-
parency, and consumer adoption willingness, as it enables systematic hypothesis testing
and statistical assessment of the proposed relationships.

3.1. Sampling Methods

The target population of this study comprised adult Chinese consumers with ex-
perience using AI-powered personalized recommendation systems on digital platforms,
including e-commerce platforms (e.g., Taobao, JD.com, and Pinduoduo), short-video plat-
forms (e.g., Douyin and Kuaishou), social/content platforms (e.g., Xiaohongshu and Weibo),
and travel-service applications (e.g., Ctrip). Respondents were required to have recent
experience with AI-powered personalized recommendation services so that they could
meaningfully evaluate the focal constructs examined in this study [46]. Given the geo-
graphically dispersed nature of the target population, convenience sampling was employed
together with screening questions. The screening process collected information on re-
spondents’ prior experience with AI-powered personalized recommendations as well as
demographic characteristics, including age, gender, region, and educational level. To
reduce the tendency of technology-adoption research to overrepresent younger users, at-
tention was given to achieving broader age coverage during recruitment [26]. According
to recent statistics released by the China Internet Network Information Center (CNNIC),
Internet use among middle-aged and older adults has become increasingly substantial [47].
Accordingly, the final sample included respondents across a broad age range, providing a
basis for the subsequent age-based robustness and multigroup analyses.

The minimum sample size was determined using the inverse square root method, a
standard approach for PLS-SEM studies [48,49]. The formula is as follows:

nmin >

(
Z

Pmin

)2
(1)

In this approach, 2.486 represents the constant corresponding to a 5% significance level
and 80% statistical power, while Pmin denotes the smallest path coefficient that the model
is intended to detect. In the present study, Pmin was conservatively set at 0.11 to allow the
detection of relatively small but meaningful structural relationships. This selection was
made based on the synthesis of empirical studies on the factors affecting users’ adoption
intention towards personalized algorithm recommendation services in the meta-analysis
conducted by Shi et al. [50]. Since the current study also looks at consumer adoption
willingness in the context of AI-based personalized recommendations, Pmin = 0.11 was
deemed to be a suitable value for capturing relatively smaller, yet meaningful, structural
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effects. The formula was then evaluated using this value and, based on the inverse square
root method, resulted in a minimum sample size of approximately 511.

nmin >

(
2.486
0.11

)2
≈ 511 (2)

Based on the inverse square root method, the required minimum sample size was ap-
proximately 511. Recruitment therefore aimed to obtain a final analytical sample exceeding
this threshold after eligibility and data-quality screening [51,52].

3.2. The Research Instrument

The measurement items in this study were adapted from well-established scales in the
prior literature and revised to fit the context of AI-powered personalized recommendation
services. All items were measured using a five-point Likert scale ranging from 1 = strongly
disagree to 5 = strongly agree. The measurement items and their literature sources are
provided in Appendix A (Table A1), which also reports the standardized indicator loadings,
Cronbach’s alpha, rho_A, composite reliability (rho_C), and average variance extracted
(AVE). The English scale items were translated into Chinese where necessary and checked
through a back-translation procedure by bilingual researchers to ensure semantic equiva-
lence. Minor wording adjustments were made to improve contextual fit without changing
the conceptual meaning of the original items.

In interpreting the adapted measures, the four constructs were conceptually dis-
tinguished according to their intended roles in the proposed model. Perceived privacy
invasion was operationalized as users’ subjective perception that personal-data practices
cross acceptable privacy boundaries. Psychological resistance was intended to capture
autonomy-related aversive and oppositional responses toward recommendation practices
perceived as intrusive, controlling, or manipulative. Perceived algorithm transparency
reflected users’ perceived understanding of recommendation logic, data use, and available
explanations, whereas consumer adoption willingness captured behavioral willingness to
engage with, accept, use, and support AI-powered personalized recommendation services.

At the same time, we recognize that several contextually adapted indicators contain
content adjacent to related concepts. Specifically, PR2 includes discomfort associated with
intrusive and disruptive recommendations; PR4 includes an avoidance response when rec-
ommendations do not match users’ interests or needs; PV4 refers to insufficient protection
against unauthorized access to personal information; and AW1 reflects willingness to rec-
ommend the service to others. These indicators were retained in the primary measurement
model because they formed part of the adapted scales administered in the original survey.
However, satisfactory reliability, convergent validity, and HTMT values were not treated as
sufficient, by themselves, to rule out possible content overlap. Accordingly, supplementary
sensitivity analyses were conducted by excluding PR2, PR4, PV4, and AW1 separately and
simultaneously to assess whether the substantive structural conclusions depended on these
indicators (see Section 4.10 and Table A3 in Appendix A).

The questionnaire included three parts. The first part included screening questions
and usage questions such as respondents’ experience with AI-powered personalized rec-
ommendations, platform type, frequency of usage, and duration of usage. The second
part assessed the four focal constructs: perceived privacy invasion [26,37,53], psychological
resistance [15,17,54], perceived algorithm transparency [25,55,56], and consumer adoption
willingness [4,57]. The third part collected demographic information, including age, gender,
region, monthly income, and educational level.
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The focal measurement items were phrased in terms of “AI-powered personalized
recommendation services” rather than being anchored to one specific named platform.
Accordingly, the construct scores should be interpreted as respondents’ overall perceptions
of AI-powered personalized recommendation services across their recent platform experi-
ences, rather than as evaluations of a single platform. The platform-related usage questions
were used to characterize respondents’ exposure to different recommendation contexts and
were not used to define the referent of the focal latent constructs.

Before the formal survey, a pilot test was conducted with 50 respondents to assess item
clarity, wording accuracy, and questionnaire readability. Based on the pilot feedback, minor
wording revisions were made where necessary. The pilot test was intended primarily to
assess comprehensibility and contextual wording rather than to provide a formal statistical
test of construct content validity.

The focal measurement items, their literature sources, and measurement-quality statis-
tics are reported in Table A1, while a concise variable codebook is provided in Table A4 in
Appendix A.

3.3. Data Collection

This study was conducted in accordance with the Declaration of Helsinki and received
ethical approval from the Human Research Ethics Committee of Walailak University
(Approval No. WUEC-25-143-01; approval date: 30 April 2025). Prior to participation, all
respondents were presented with an informed consent form explaining the purpose and
procedures of the study, potential risks and benefits, the voluntary nature of participation,
and their right to withdraw at any time without penalty. Only respondents who provided
explicit informed consent were permitted to proceed with the questionnaire.

Data were collected from May to June 2025 through Questionnaire Star, a professional
online survey platform in China. The survey invitation was disseminated broadly through
WeChat (version 8.0.60), including WeChat Moments, classmate groups, workplace groups,
consumer-related groups, and other WeChat groups in which the researchers participated.
The researchers also forwarded the invitation to parents and friends, who further shared
it through their own WeChat Moments, residential community owner groups, and other
WeChat groups in which they participated. These recruitment channels were used to reach
adult Internet users with recent experience of AI-powered personalized recommendation
services, including those provided by e-commerce, short-video, social/content, and travel-
service platforms. Screening questions were used to verify respondents’ relevant experience
before they commenced the main questionnaire. Respondents who did not meet the
screening criteria or did not provide informed consent were not permitted to continue.
Because the survey invitation was disseminated and could be further reposted across
multiple WeChat-based social networks, the total number of individuals who viewed or
were exposed to the invitation could not be reliably determined.

To protect participant privacy, the questionnaire did not request respondents’ names,
mobile phone numbers, identification numbers, or other direct personal identifiers. A small
monetary incentive was provided through WeChat red packets as a token of appreciation for
participation. Participation remained voluntary and was not conditional on the disclosure
of any personally identifying information.

Several procedural measures were implemented to improve data quality and reduce
potential response bias. Respondents were informed that there were no right or wrong
answers and were encouraged to answer according to their actual experiences and percep-
tions. The order of the focal measurement items was randomized to reduce sequence effects,
and the survey platform was configured to limit repeated submissions. Responses were
excluded if they were incomplete, exhibited obvious straight-lining patterns, had unrealisti-
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cally short completion times, or contained answers inconsistent with the screening criteria.
A total of 600 questionnaire submissions were received during the data-collection period.
Following eligibility and data-quality screening, 82 submissions were excluded as invalid
or insufficient-quality responses, leaving 518 cases for the final analysis. Thus, 86.33% of the
submitted questionnaires were retained as valid analytical cases. Because the total number
of individuals exposed to the WeChat invitation could not be determined, this percentage is
reported as a valid-case retention rate rather than a conventional invitation-based response
rate. Detailed historical counts for the specific reasons underlying the 82 exclusions were
not retained and are therefore not reconstructed retrospectively. The anonymized research
dataset was stored on the lead researcher’s password-protected personal computer and
was used solely for academic research purposes. Access to the dataset was restricted to
the lead researcher. The anonymized research data will be securely retained for five years
following completion of the study and will subsequently be disposed of in accordance with
appropriate research-data management practices.

3.4. Data Analysis Methods

This study employed partial least squares structural equation modeling (PLS-SEM)
using SmartPLS version 4.1.0.9 to estimate the proposed first-stage moderated mediation
model. PLS-SEM was considered appropriate because this study examines multiple latent
constructs and simultaneously tests direct, mediating, moderating, and multigroup rela-
tionships [48]. In addition, PLS-SEM enables the joint assessment of measurement quality,
structural relationships, and out-of-sample predictive performance.

Data analysis proceeded in several stages. First, data screening and descriptive analy-
ses were conducted to examine response quality, sample characteristics, missing values, and
the distributions of the focal variables. The reflective measurement model was then evalu-
ated in terms of indicator reliability, internal consistency reliability, convergent validity, and
discriminant validity. Specifically, indicator loadings, Cronbach’s alpha, rho_A, composite
reliability (rho_C), average variance extracted (AVE), and the heterotrait–monotrait ratio
(HTMT) were examined in accordance with established PLS-SEM guidelines [48].

Second, the structural model was assessed using inner variance inflation factors (VIFs),
coefficients of determination (R2), effect sizes (f2), and standardized path coefficients [48].
Statistical inference for the direct, indirect, and interaction effects was based on 10,000 boot-
strap resamples using two-tailed significance tests and 95% confidence intervals. The
statistical mediating role of psychological resistance (H4) was assessed using the specific
indirect effect from the PLS-SEM model. The first-stage moderating role of perceived
algorithm transparency (H5) was evaluated through the interaction term between per-
ceived algorithm transparency and perceived privacy invasion (PAT × PV) predicting
psychological resistance.

To directly test the proposed moderated mediation hypothesis (H6), a supplementary
conditional process analysis was conducted using PROCESS macro version 4.1 for IBM
SPSS Statistics 27, applying Model 7 based on the latent variable scores obtained from
the PLS-SEM model. Conditional indirect associations were estimated at low (−1 SD),
mean, and high (+1 SD) levels of perceived algorithm transparency using 10,000 bootstrap
resamples and 95% bootstrap confidence intervals. The index of moderated mediation
was used as the primary inferential test of H6. The first-stage interaction was further
probed using simple-slope analysis and the Johnson–Neyman technique to examine how
the association between perceived privacy invasion and psychological resistance varied
across levels of perceived algorithm transparency.

Third, the model’s out-of-sample predictive performance was evaluated using PLSpre-
dict with 10 folds and 10 repetitions following Shmueli et al. [58]. Predictive relevance
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was assessed using Q2_predict values, and the prediction errors generated using the PLS-
SEM model were compared with those of a linear-model benchmark. Predictive ability
was further examined using the cross-validated predictive ability test (CVPAT) following
Sharma et al. [59].

Fourth, because all focal constructs were measured using a cross-sectional self-report
questionnaire, common method bias was assessed through multiple complementary pro-
cedures. Harman’s single-factor test was first used as a preliminary diagnostic [60]. This
was supplemented by a full-collinearity VIF assessment [61] and the unmeasured latent
method construct procedure proposed by Liang et al. [62]. In the latter procedure, each mea-
surement item was modeled with both a substantive component and a common method
component, allowing the relative magnitude and significance of substantive and method-
related variance to be compared.

Fifth, a targeted Gaussian copula robustness check was conducted for perceived
algorithm transparency in the psychological resistance equation. PAT was selected because
it serves as the focal moderating construct in the first-stage relationship with psychological
resistance. Prior to estimating the copula model, the non-normality requirement of PAT was
assessed. A Gaussian copula term for PAT was then included in the psychological resistance
equation to examine whether the PAT-related structural estimates were materially altered
under this specific adjustment [63,64]. This procedure was treated as a targeted robustness
check rather than a comprehensive test of endogeneity across the full model.

Finally, potential age-based heterogeneity was examined across three groups: respon-
dents aged 18–29 years (n = 71), 30–49 years (n = 270), and 50 years and above (n = 177).
Before comparing structural coefficients, measurement invariance was assessed using the
measurement invariance of composites (MICOM) procedure following Henseler et al. [65].
After establishing at least partial measurement invariance, permutation-based multigroup
analysis was conducted to test whether the structural path coefficients differed significantly
across the three age groups. Group-specific path estimates were additionally evaluated
using 10,000 bootstrap resamples.

4. Results
4.1. Descriptive Statistical Analysis

Table 1 summarizes the demographic characteristics of the 518 valid respondents. The
sample was relatively balanced by gender, with males accounting for 51.4% and females
for 48.6%. Respondents represented a broad age range: 13.7% were aged 18–29 years, 29.5%
were aged 30–39 years, 22.6% were aged 40–49 years, 22.4% were aged 50–59 years, and
11.8% were aged 60 years or above. Thus, respondents aged 50 years or above accounted
for 34.2% of the sample. In terms of region, 68.3% of respondents were from urban areas
and 31.7% were from rural areas. Monthly income was distributed across all reported
categories, with the largest proportions falling between CNY 5001–8000 (21.6%) and CNY
8001–12,000 (20.8%). Respondents also represented diverse educational backgrounds, with
bachelor’s degree holders comprising the largest group (39.6%).

Respondents also reported substantial experience with AI-powered personalized
recommendation services. Regarding the perceived characteristics of such services, 31.7%
of respondents indicated that these systems collected relatively large amounts of personal
data, while 30.7% emphasized the provision of more accurate recommendations. In terms
of usage duration, 44.6% had used AI-powered personalized recommendation services for
3–5 years and 24.7% for 1–3 years. The most commonly reported usage frequency was two
to three times per week (37.3%). Regarding daily usage time, 37.3% reported using such
services for 30 min to one hour per day, while 29.3% reported one to two hours per day.
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Table 1. Demographic characteristics of respondents (N = 518).

Characteristic Item Frequency Percentage

Gender
Male 266 51.4

Female 252 48.6

Age

18–29 years 71 13.7

30–39 years 153 29.5

40–49 years 117 22.6

50–59 years 116 22.4

Above 60 years 61 11.8

Region
Urban 354 68.3

Rural 164 31.7

Average monthly income level

Below 2000 56 10.8

2001–5000 Yuan 98 18.9

5001–8000 Yuan 112 21.6

8001–12,000 Yuan 108 20.8

12,001–20,000 Yuan 96 18.5

Above 20,000 Yuan 48 9.3

Highest education level

High school or below 83 16.0

Associate degree 101 19.5

Bachelor’s degree 205 39.6

Master’s degree 86 16.6

Doctorate or above 43 8.3

4.2. Assessment of Common Method Bias

Because all focal constructs were measured using the same cross-sectional self-report
questionnaire, multiple complementary procedures were employed to assess the potential
influence of common method bias (CMB). First, Harman’s single-factor test was conducted
as a preliminary diagnostic [60]. The first unrotated factor accounted for 47.169% of the
total variance, which is below the commonly used 50% benchmark. However, given the
limitations of relying solely on Harman’s test, additional assessments were conducted.

Second, a full-collinearity assessment was performed using the latent-variable scores
of consumer adoption willingness (AW), perceived algorithm transparency (PAT), psycho-
logical resistance (PR), and perceived privacy invasion (PV). The resulting full-collinearity
VIF values were 1.493 for AW, 1.645 for PAT, 2.000 for PR, and 1.828 for PV. All values were
below the conservative threshold of 3.3 [61], providing no indication of problematic full
collinearity and suggesting that common method bias was unlikely to materially affect the
estimated relationships.

Third, following Liang et al. [62], the unmeasured latent method construct procedure
was implemented. Each indicator was modeled with both a substantive component and
a common method component. All 16 substantive loadings were statistically significant
(p < 0.001) and ranged from 0.780 to 0.948, whereas the method-factor loadings ranged from
−0.090 to 0.101. Only 2 of the 16 method-factor loadings were statistically significant, while
the remaining 14 were nonsignificant. The average substantive variance explained was
0.743, compared with only 0.003 for the average method variance, yielding a substantive-
to-method variance ratio of approximately 254:1. Taken together, these results indicate that
although some method-related variance may be present, common method bias is unlikely to
materially account for the substantive relationships observed in the model. The detailed item-
level results of the unmeasured latent method construct assessment are reported in Table 2.
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Table 2. Common method bias assessment using the unmeasured latent method construct.

Item Substantive
Loading (R1) R12 Method

Loading (R2) R22 Method p

AW1 0.78 0.608 −0.09 0.008 0.016
AW2 0.929 0.863 0.101 0.01 0.002
AW3 0.792 0.627 −0.034 0.001 0.41
AW4 0.904 0.817 0.019 <0.001 0.556
PAT1 0.879 0.773 0.054 0.003 0.08
PAT2 0.811 0.658 −0.043 0.002 0.21
PAT3 0.803 0.645 −0.037 0.001 0.303
PAT4 0.888 0.789 0.026 0.001 0.415
PR1 0.816 0.666 0.075 0.006 0.059
PR2 0.912 0.832 −0.057 0.003 0.222
PR3 0.82 0.672 0.059 0.003 0.206
PR4 0.948 0.899 −0.077 0.006 0.07
PV1 0.902 0.814 −0.037 0.001 0.399
PV2 0.863 0.745 0.007 <0.001 0.862
PV3 0.86 0.74 0.012 <0.001 0.775
PV4 0.863 0.745 0.017 <0.001 0.671

Mean — 0.743 — 0.003 —
Note: R12 represents substantive variance, whereas R22 represents method variance. All substantive
loadings were significant at p < 0.001.

4.3. Measurement Model Assessment

The reflective measurement model was assessed in terms of indicator reliability, in-
ternal consistency reliability, convergent validity, and discriminant validity. As reported
in Appendix A (Table A1), all standardized indicator loadings ranged from 0.825 to 0.884,
exceeding the recommended threshold of 0.70. Cronbach’s alpha values ranged from
0.867 to 0.897, rho_A values ranged from 0.869 to 0.898, and composite reliability (rho_C)
values ranged from 0.909 to 0.928, indicating satisfactory internal consistency reliability. In
addition, the average variance extracted (AVE) values ranged from 0.715 to 0.763, exceeding
the recommended threshold of 0.50 and supporting convergent validity [48].

Discriminant validity was assessed using the heterotrait–monotrait ratio (HTMT).
As shown in Table 3, all HTMT values ranged from 0.396 to 0.673, which is well below
the conservative threshold of 0.85 [48]. The highest HTMT value was observed between
perceived algorithm transparency and psychological resistance (HTMT = 0.673). These
results support the empirical distinctiveness of the four focal constructs and indicate
satisfactory discriminant validity. It should be noted, however, that statistical discriminant
validity does not by itself establish the absence of conceptual overlap in item content.
Because PR2, PR4, PV4, and AW1 contain wording that may be adjacent to discomfort,
avoidance, security protection, or advocacy-related responses, respectively, additional
indicator-exclusion sensitivity analyses were conducted and are reported in Section 4.10
and Table A3 in Appendix A.

Table 3. Discriminant validity assessment using the HTMT.

Variable AW PAT PR PV

Consumer Adoption Willingness (AW)
Perceived Algorithm Transparency (PAT) 0.396

Psychological Resistance (PR) 0.555 0.673
Perceived Privacy Invasion (PV) 0.593 0.580 0.660

Note: HTMT = heterotrait–monotrait ratio. All values are below the conservative threshold of 0.85.
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4.4. Structural Model Analysis

After establishing satisfactory reliability and validity of the measurement model, the
structural model was evaluated in terms of collinearity, explanatory power, effect sizes,
and the statistical significance of the structural relationships. First, inner variance inflation
factor (VIF) values were assessed to identify potential collinearity among the predictor
constructs. As shown in Table 4, the VIF values ranged from 1.352 to 1.811, indicating that
collinearity was not a concern in the structural model [48].

Table 4. Structural model results.

Variable Path Relationship
β

Standard
Deviation

T-
Value

p-
Value

95% Confidence
Interval

VIF f2 Result
Hypothesis Path

H1 PV → AW −0.357 0.049 7.330 <0.001 [−0.453, −0.263] 1.542 0.123 Supported
H2 PV → PR 0.279 0.070 3.993 <0.001 [0.142, 0.412] 1.811 0.085 Supported
H3 PR → AW −0.286 0.048 5.954 <0.001 [−0.379, −0.190] 1.542 0.079 Supported
H4 PAT → PR −0.391 0.047 8.312 <0.001 [−0.488, −0.304] 1.352 0.224 —
H5 PAT × PV → PR −0.162 0.047 3.458 0.001 [−0.255, −0.071] 1.480 0.054 Supported

Note: PV = Perceived Privacy Invasion; PR = Psychological Resistance; PAT = Perceived Algorithm
Transparency; AW = Consumer Adoption Willingness. R2(PR) = 0.494; R2(AW) = 0.330. Bootstrap
resamples = 10,000. VIF = variance inflation factor; f2 = effect size.

The explanatory power of the model was assessed using the coefficient of determi-
nation (R2). The model explained 49.4% of the variance in psychological resistance (PR;
R2 = 0.494) and 33.0% of the variance in consumer adoption willingness (AW; R2 = 0.330),
indicating meaningful explanatory power for both endogenous constructs.

Effect sizes (f2) were also examined to assess the relative contribution of each pre-
dictor to its respective endogenous construct. Perceived algorithm transparency had a
medium effect on psychological resistance (f2 = 0.224), whereas perceived privacy invasion
on consumer adoption willingness (f2 = 0.123), perceived privacy invasion on psycholog-
ical resistance (f2 = 0.085), psychological resistance on consumer adoption willingness
(f2 = 0.079), and the interaction between perceived algorithm transparency and perceived
privacy invasion on psychological resistance (f2 = 0.054) exhibited small but nontrivial
effect sizes [48].

Statistical inference was based on 10,000 bootstrap resamples using two-tailed tests
and 95% confidence intervals. Perceived privacy invasion was significantly and nega-
tively associated with consumer adoption willingness (β = −0.357, t = 7.330, p < 0.001,
95% CI [−0.453, −0.263]), supporting H1. Perceived privacy invasion was significantly
and positively associated with psychological resistance (β = 0.279, t = 3.993, p < 0.001,
95% CI [0.142, 0.412]), supporting H2. Psychological resistance was significantly and neg-
atively associated with consumer adoption willingness (β = −0.286, t = 5.954, p < 0.001,
95% CI [−0.379, −0.190]), supporting H3. Perceived algorithm transparency was also
negatively associated with psychological resistance (β = −0.391, t = 8.312, p < 0.001, 95% CI
[−0.488, −0.304]). Finally, the interaction between perceived algorithm transparency and
perceived privacy invasion was negative and statistically significant (β = −0.162, t = 3.458,
p = 0.001, 95% CI [−0.255, −0.071]), supporting H5.

Figure 2 provides a visual summary of the estimated structural model, including
the standardized path coefficients, significance levels, and R2 values of the endogenous
constructs. The mediating and moderating mechanisms are examined in greater detail in
Sections 4.5 and 4.6, respectively.
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Figure 2. Results of the structural model. Note: Values on the structural paths represent stan-
dardized path coefficients, with p-values shown in parentheses. Values inside the endogenous
constructs represent R2. Blue circles represent latent constructs, and yellow rectangles represent
measurement indicators. The dotted line represents the moderating effect. PV = Perceived Privacy
Invasion; PR = Psychological Resistance; PAT = Perceived Algorithm Transparency; AW = Consumer
Adoption Willingness.

4.5. Mediation Analysis

The mediating role of psychological resistance in the relationship between perceived
privacy invasion and consumer adoption willingness was examined using a bootstrapping
procedure with 10,000 resamples. As shown in Table 5, the specific indirect effect of
perceived privacy invasion on consumer adoption willingness through psychological
resistance was negative and statistically significant (β = −0.080, t = 3.337, p = 0.001, 95% CI
[−0.130, −0.037]). Because the bootstrap confidence interval did not include zero, the
indirect association was statistically significant, providing support for H4.

Table 5. Mediation analysis results.

Effect Path β T-Value p-Value 95% Confidence
Interval Result

Direct effect PV → AW −0.357 7.33 <0.001 [−0.453, −0.263] Significant
Specific indirect effect PV → PR → AW −0.080 3.337 0.001 [−0.130, −0.037] H4 Supported

Total effect PV → AW −0.436 9.136 <0.001 — Significant

At the same time, the direct association between perceived privacy invasion and con-
sumer adoption willingness remained statistically significant after psychological resistance
was included in the model (β = −0.357, t = 7.330, p < 0.001, 95% CI [−0.453, −0.263]). The
total association between perceived privacy invasion and consumer adoption willingness
was also statistically significant (β = −0.436, t = 9.136, p < 0.001). Taken together, these
results indicate that psychological resistance statistically partially mediates the negative
association between perceived privacy invasion and consumer adoption willingness. In
other words, perceived privacy invasion is associated with lower adoption willingness
both directly and indirectly through higher psychological resistance.

4.6. Moderation Analysis

The moderating role of perceived algorithm transparency (PAT) in the relationship
between perceived privacy invasion (PV) and psychological resistance (PR) was examined
by including the interaction term between PAT and PV in the structural model. Statistical in-
ference was based on 10,000 bootstrap resamples using two-tailed tests and 95% confidence
intervals. As reported in Table 4, the interaction between perceived algorithm transparency
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and perceived privacy invasion was negative and statistically significant (β = −0.162,
t = 3.458, p = 0.001, 95% CI [−0.255, −0.071]), providing support for H5. The main associa-
tion between perceived privacy invasion and psychological resistance was positive and
statistically significant (β = 0.279, p < 0.001), whereas perceived algorithm transparency
was negatively associated with psychological resistance (β = −0.391, p < 0.001).

To probe the statistically significant interaction in greater detail, a supplementary
simple-slope analysis was conducted using the latent variable scores obtained from the PLS-
SEM model. The positive association between perceived privacy invasion and psychological
resistance was strongest at low PAT (−1 SD; b = 0.4415, SE = 0.0377, t = 11.7141, p < 0.001,
95% CI [0.3675, 0.5155]). At the mean level of PAT, the association remained positive and
statistically significant (b = 0.2790, SE = 0.0422, t = 6.6106, p < 0.001, 95% CI [0.1961, 0.3620]).
At high PAT (+1 SD), however, the association became substantially weaker and was no
longer statistically significant at the 0.05 level (b = 0.1166, SE = 0.0636, t = 1.8325, p = 0.0675,
95% CI [−0.0084, 0.2416]). These results provide inferential support for the buffering role
of PAT: as perceived algorithm transparency increases, the positive association between
perceived privacy invasion and psychological resistance becomes progressively weaker.
This interaction pattern is illustrated in Figure 3.

Figure 3. Simple slope plot of the moderating effect of perceived algorithm transparency. Note:
The figure illustrates the conditional association between perceived privacy invasion (PV) and
psychological resistance (PR) at low (−1 SD), mean, and high (+1 SD) levels of perceived algorithm
transparency (PAT).

The Johnson–Neyman analysis provided a more fine-grained assessment of the in-
teraction. The transition point occurred at a standardized PAT value of approximately
0.9613. The positive association between perceived privacy invasion and psychological
resistance was statistically significant when PAT was below this value, whereas it was no
longer statistically significant above this threshold at the 0.05 level. Approximately 91.31%
of the observations fell below this transition point. Thus, the attenuation of the PV–PR
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association was not limited to the three conventional probing values but was also evident
across the observed range of PAT.

Conditional Indirect Effects and Moderated Mediation

To determine whether perceived algorithm transparency also conditioned the indi-
rect association between perceived privacy invasion and consumer adoption willingness
through psychological resistance, a supplementary conditional process analysis was con-
ducted using PROCESS Model 7 based on the latent variable scores obtained from the
PLS-SEM model. The analysis used 10,000 bootstrap resamples and 95% bootstrap confi-
dence intervals. Conditional indirect associations were estimated at low (−1 SD), mean,
and high (+1 SD) levels of PAT.

As shown in Table 6, the negative indirect association between perceived privacy
invasion and consumer adoption willingness through psychological resistance varied sys-
tematically across levels of PAT. At low PAT (−1 SD), the conditional indirect association
was statistically significant and relatively strong (b = −0.1262, BootSE = 0.0261, 95% boot-
strap CI [−0.1800, −0.0779]). At the mean level of PAT, the indirect association remained
statistically significant (b = −0.0797, BootSE = 0.0243, 95% bootstrap CI [−0.1299, −0.0364]).
At high PAT (+1 SD), however, the negative indirect association weakened substantially and
was no longer statistically significant because the bootstrap confidence interval included
zero (b = −0.0333, BootSE = 0.0318, 95% bootstrap CI [−0.0949, 0.0285]).

Table 6. Conditional indirect associations and index of moderated mediation.

PAT Level Conditional Indirect Association BootSE BootLLCI BootULCI

Low PAT (−1 SD; −1.001) −0.1262 0.0261 −0.1800 −0.0779
Mean PAT (0.000) −0.0797 0.0243 −0.1299 −0.0364

High PAT (+1 SD; 1.001) −0.0333 0.0318 −0.0949 0.0285
Index of moderated mediation 0.0464 0.0161 0.0191 0.0816

Note: Conditional indirect associations were estimated using PROCESS Model 7 with 10,000 bootstrap
resamples based on the PLS-SEM latent variable scores. Bootstrap confidence intervals that do not
include zero indicate statistical significance. PAT = Perceived Algorithm Transparency.

Most importantly, the index of moderated mediation was positive and statistically
different from zero (index = 0.0464, BootSE = 0.0161, 95% bootstrap CI [0.0191, 0.0816]).
Because the bootstrap confidence interval excluded zero, the results provide statistical
evidence that the indirect association between perceived privacy invasion and consumer
adoption willingness through psychological resistance varies as a function of perceived al-
gorithm transparency. Specifically, the negative indirect association becomes progressively
weaker as PAT increases. These findings therefore support H6 and provide direct evidence
for the proposed first-stage moderated mediation mechanism.

These conditional indirect associations should nevertheless be interpreted statistically
rather than causally, because the cross-sectional design does not establish temporal ordering
among perceived privacy invasion, psychological resistance, and consumer adoption
willingness.

4.7. Predictive Assessment

To assess the model’s out-of-sample predictive performance, PLSpredict was con-
ducted using 10 folds and 10 repetitions. As reported in Table 7, all Q2_predict values
were greater than zero, ranging from 0.168 to 0.384, indicating predictive relevance for all
indicators of consumer adoption willingness (AW) and psychological resistance (PR).
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Table 7. PLSpredict results.

Construct Indicator Q2_Predict PLS-SEM RMSE LM RMSE Comparison

AW AW1 0.225 1.216 1.23 PLS-SEM better
AW AW2 0.168 1.247 1.242 LM slightly better
AW AW3 0.207 1.215 1.218 PLS-SEM better
AW AW4 0.206 1.185 1.185 Equal
PR PR1 0.384 1.028 1.03 PLS-SEM better
PR PR2 0.348 1.061 1.046 LM slightly better
PR PR3 0.379 1.02 1.034 PLS-SEM better
PR PR4 0.334 1.145 1.156 PLS-SEM better

Note: Q2_predict values greater than zero indicate predictive relevance relative to the naïve indicator
mean benchmark. Lower RMSE values indicate better predictive performance. AW = Consumer
Adoption Willingness; PR = Psychological Resistance.

The prediction errors of the PLS-SEM model were further compared with those of a
linear-model (LM) benchmark. The PLS-SEM model produced lower RMSE values than
the LM benchmark for five of the eight indicators, an identical RMSE for one indicator,
and slightly higher RMSE values for two indicators. Taken together, these results indicate
moderate out-of-sample predictive power [58].

To further evaluate predictive performance, a cross-validated predictive ability test
(CVPAT) was conducted. As shown in Table 8, the PLS-SEM model produced significantly
lower prediction loss than the indicator-average (IA) benchmark for both endogenous
constructs. For AW, the difference in average loss was −0.374 (t = 5.768, p < 0.001), whereas
for PR the difference was −0.638 (t = 10.177, p < 0.001). At the overall model level, the PLS-
SEM loss was 1.306 compared with 1.811 for the IA benchmark, resulting in a significant
loss difference of −0.506 (t = 9.745, p < 0.001). These findings provide additional evidence
that the proposed model possesses meaningful out-of-sample predictive ability [59].

Table 8. Cross-validated predictive ability test (CVPAT) results.

Target
Construct

PLS-SEM
Loss

IA Benchmark
Loss

Loss
Difference t-Value p-Value Result

AW 1.478 1.851 −0.374 5.768 <0.001 PLS-SEM predicts better
PR 1.133 1.771 −0.638 10.177 <0.001 PLS-SEM predicts better

Overall 1.306 1.811 −0.506 9.745 <0.001 PLS-SEM predicts better

Note: Negative loss differences indicate lower predictive loss for the PLS-SEM model relative to
the indicator-average (IA) benchmark. AW = Consumer Adoption Willingness; PR = Psychological
Resistance.

4.8. Targeted Gaussian Copula Robustness Check for Perceived Algorithm Transparency

As a targeted robustness check, potential endogeneity involving perceived algorithm
transparency (PAT) in the psychological resistance (PR) equation was examined using
the Gaussian copula approach. PAT was examined because it serves as the focal mod-
erating construct in the first-stage relationship with PR. This analysis was intended to
evaluate whether the PAT-related structural estimates were sensitive to this specific copula
adjustment and was not designed as a comprehensive test of endogeneity across the full
mediation model. Prior to estimating the copula model, the distributional requirement
of the Gaussian copula approach was examined. The construct score of PAT exhibited
significant non-normality according to the Cramér–von Mises test (p < 0.001), satisfying the
distributional prerequisite for applying the Gaussian copula procedure [63,64].
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A Gaussian copula term for PAT was subsequently included in the PR equation. As
shown in Table 9, the Gaussian copula term was not statistically significant (β = 0.085,
t = 0.862, p = 0.389, 95% CI [−0.128, 0.257]). as the confidence interval included zero.

Table 9. Targeted Gaussian Copula Robustness Check for PAT.

Test/Term β t-Value p-Value 95% Confidence Interval Result

Cramér–von Mises test
for PAT — — <0.001 — Non-normality

requirement satisfied
GC(PAT) → PR 0.085 0.862 0.389 [−0.128, 0.257] Not significant

Note: GC(PAT) denotes the Gaussian copula term associated with perceived algorithm transparency.
PAT = Perceived Algorithm Transparency; PR = Psychological Resistance.

The PAT-related structural estimates remained broadly similar after inclusion of the
Gaussian copula term. In the copula-adjusted model, PAT remained negatively associated
with PR (β = −0.485, 95% CI [−0.684, −0.244]), perceived privacy invasion remained posi-
tively associated with PR (β = 0.248, 95% CI [0.139, 0.367]), and the interaction between PAT
and perceived privacy invasion remained negative (β = −0.155, 95% CI [−0.271, −0.069]).
The explained variance in PR also remained essentially unchanged (R2 = 0.496, compared
with 0.494 in the baseline model).

Taken together, this targeted analysis suggests that the PAT-related estimates were
not materially changed by the specific Gaussian copula adjustment. However, the analysis
does not address possible endogeneity involving other constructs, reciprocal relationships,
omitted common antecedents, or temporal ordering within the mediation process. Accord-
ingly, given the cross-sectional observational design, all structural, indirect, and moderated
mediation results should be interpreted as statistical associations rather than definitive
causal effects.

4.9. Age-Based Measurement Invariance and Multigroup Analysis

To examine potential age-based heterogeneity in the structural relationships, respon-
dents were divided into three categories: 18–29 years (n = 71), 30–49 years (n = 270), and
50 years and above (n = 177). Before comparing structural path coefficients, measure-
ment invariance was assessed using the measurement invariance of composites (MICOM)
procedure with 10,000 permutations.

As summarized in Table 10, compositional invariance was established for all four
focal constructs—consumer adoption willingness (AW), perceived algorithm transparency
(PAT), psychological resistance (PR), and perceived privacy invasion (PV)—across all three
pairwise age-group comparisons. Specifically, the original compositional correlations ex-
ceeded the corresponding 5% permutation quantiles in each comparison. For the 18–29
versus 30–49 and 18–29 versus 50+ comparisons, no statistically significant differences in
composite means or variances were detected, supporting full measurement invariance.
For the 30–49 versus 50+ comparison, the composite mean of PV differed significantly be-
tween groups (mean difference = 0.226, p = 0.020), whereas the remaining composite-mean
comparisons and all composite-variance comparisons were nonsignificant. Accordingly,
partial measurement invariance was established for the 30–49 versus 50+ comparison.
Because compositional invariance was established for all focal constructs in all three pair-
wise comparisons, subsequent comparisons of structural path coefficients were considered
appropriate. Complete MICOM statistics are reported in Table A2 in Appendix A.

Following the MICOM assessment, permutation-based multigroup analysis was con-
ducted to examine potential differences in structural path coefficients across the three age
groups. Pairwise between-group comparisons were based on 10,000 permutations using
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two-tailed tests at the 0.05 significance level. Group-specific path coefficients were addi-
tionally evaluated using 10,000 bootstrap resamples. The results are reported in Table 11.

Table 10. Summary of MICOM results across age groups.

Age-Group
Comparison

Step 2:
Compositional

Invariance

Step 3a: Equality of
Composite Means

Step 3b: Equality
of Composite

Variances

Overall
MICOM

Result

18–29 vs. 30–49 Established for AW,
PAT, PR, and PV No significant differences No significant

differences
Full

invariance

18–29 vs. 50+ Established for AW,
PAT, PR, and PV No significant differences No significant

differences
Full

invariance

30–49 vs. 50+ Established for AW,
PAT, PR, and PV

PV differed significantly (∆ = 0.226,
p = 0.020); others nonsignificant

No significant
differences

Partial
invariance

Note: MICOM was assessed using 10,000 permutations. Step 2 evaluates compositional invariance,
Step 3a evaluates equality of composite means, and Step 3b evaluates equality of composite vari-
ances. Full numerical MICOM results, including original compositional correlations, permutation
benchmarks, confidence intervals, and permutation p-values, are reported in Table A2 in Appendix A.

Table 11. Age-group structural estimates and pairwise permutation tests.

Structural Path 18–29 β (p) 30–49 β (p) 50+ β (p) 18–29 vs.
30–49 p

18–29 vs.
50+ p

30–49 vs.
50+ p

PAT → PR −0.246 (0.047) −0.362 (<0.001) −0.487 (<0.001) 0.451 0.095 0.241
PR → AW −0.336 (0.010) −0.295 (<0.001) −0.256 (0.001) 0.811 0.578 0.716
PV → AW −0.278 (0.047) −0.326 (<0.001) −0.436 (<0.001) 0.782 0.277 0.311
PV → PR 0.462 (0.007) 0.340 (<0.001) 0.086 (0.218) 0.633 0.069 0.081

PAT × PV → PR −0.140 (0.241) −0.149 (0.015) −0.242 (<0.001) 0.955 0.564 0.408

Note: Values in the three age-group columns represent group-specific standardized path coefficients,
with bootstrap p-values reported in parentheses. The final three columns report two-tailed permuta-
tion p-values for pairwise differences in structural path coefficients based on 10,000 permutations.
A between-group difference is considered statistically significant when the corresponding permu-
tation p-value is below 0.05. AW = Consumer Adoption Willingness; PAT = Perceived Algorithm
Transparency; PR = Psychological Resistance; PV = Perceived Privacy Invasion.

Although several paths differed in their within-group levels of statistical significance,
none of the pairwise differences in structural coefficients reached the 0.05 significance
level. For example, the interaction between PAT and PV was not statistically significant
among respondents aged 18–29 years (β = −0.140, p = 0.241), but was significant among
respondents aged 30–49 years (β = −0.149, p = 0.015) and those aged 50 years and above
(β = −0.242, p < 0.001). However, the corresponding between-group permutation tests were
nonsignificant for all three pairwise comparisons (p = 0.955, 0.564, and 0.408, respectively).
Thus, differences in within-group statistical significance should not be interpreted as
evidence of significant between-group differences.

A similar pattern was observed for the PV–PR association. The group-specific coeffi-
cient was smaller in the 50+ group (β = 0.086, p = 0.218) than in the 18–29 group (β = 0.462,
p = 0.007) and the 30–49 group (β = 0.340, p < 0.001). Nevertheless, none of the corre-
sponding pairwise permutation tests reached the 0.05 significance level (18–29 vs. 30–49:
p = 0.633; 18–29 vs. 50+: p = 0.069; 30–49 vs. 50+: p = 0.081). The latter two comparisons
were relatively close to the conventional significance threshold and should therefore be
interpreted cautiously rather than as evidence that the PV–PR association is equivalent
across age groups.

Overall, no statistically significant age-based heterogeneity in the structural path
coefficients was detected in the present sample. This finding should not be interpreted as
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evidence of structural equivalence across age groups. In particular, the relatively small
size of the 18–29 subgroup (n = 71), compared with the 30–49 (n = 270) and 50+ (n = 177)
groups, may have limited statistical power to detect modest between-group differences. The
near-threshold permutation results for the PV–PR association further support a cautious
interpretation. Larger and more balanced age-group samples are needed before stronger
conclusions regarding age-related structural differences or invariance can be drawn.

4.10. Sensitivity Analysis

Given the possibility that several adapted indicators may contain content adjacent
to related constructs, supplementary sensitivity analyses were conducted for PR2, PR4,
PV4, and AW1. The structural model was re-estimated after excluding each potentially
overlapping indicator separately and after excluding all four indicators simultaneously.
As reported in Table A3 in Appendix A, the signs and statistical significance of all focal
structural associations remained unchanged across the alternative specifications. In the
most restrictive specification, in which PR2, PR4, PV4, and AW1 were simultaneously
excluded, the associations of PV with AW (β = −0.343, p < 0.001), PV with PR (β = 0.247,
p < 0.001), PR with AW (β = −0.276, p < 0.001), and PAT with PR (β = −0.385, p < 0.001)
remained statistically significant. The PAT × PV interaction also remained significant
(β = −0.164, p = 0.001), as did the specific indirect association of PV with AW through PR
(β = −0.068, p = 0.003).

As an additional sensitivity check of the moderated mediation result, PROCESS
Model 7 was re-estimated using latent variable scores from the reduced four-indicator-
exclusion model. The index of moderated mediation remained statistically significant
(index = 0.0451, BootSE = 0.0156, 95% bootstrap CI [0.0187, 0.0789]). The conditional indirect
association was significant at low PAT (b = −0.1131, 95% bootstrap CI [−0.1636, −0.0662])
and at the mean level of PAT (b = −0.0680, 95% bootstrap CI [−0.1146, −0.0270]), but not at
high PAT (b = −0.0228, 95% bootstrap CI [−0.0815, 0.0369]). Thus, the principal structural
and moderated mediation findings were not dependent on the potentially overlapping
indicators identified above.

5. Discussion
5.1. Research Findings

The empirical results generally support the proposed first-stage moderated media-
tion framework. Perceived privacy invasion was negatively associated with consumer
adoption willingness and positively associated with psychological resistance, whereas
psychological resistance was negatively associated with consumer adoption willingness.
The mediation analysis further showed that psychological resistance statistically partially
mediated the negative association between perceived privacy invasion and consumer adop-
tion willingness, supporting H4. Perceived algorithm transparency significantly moderated
the association between perceived privacy invasion and psychological resistance, such
that the positive PV–PR association became less pronounced at higher levels of PAT, sup-
porting H5. Importantly, the supplementary conditional process analysis further showed
that the negative indirect association between perceived privacy invasion and consumer
adoption willingness through psychological resistance became progressively weaker as
PAT increased. The statistically significant index of moderated mediation provided direct
support for H6.

The additional analyses provided complementary evidence regarding the predictive
performance and robustness of the findings. PLSpredict and CVPAT indicated meaningful
out-of-sample predictive ability. The targeted Gaussian copula robustness check further
indicated that the PAT-related structural estimates were not materially altered by the
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specific copula adjustment. This result is interpreted narrowly and does not rule out other
forms of endogeneity or establish causal direction. Indicator-exclusion sensitivity analyses
further showed that the focal structural and moderated mediation findings did not depend
on PR2, PR4, PV4, or AW1. Finally, the age-based multigroup analysis showed that none of
the pairwise differences in structural path coefficients reached statistical significance across
the 18–29, 30–49, and 50+ age groups. Accordingly, no statistically significant age-based
heterogeneity was detected in the present sample; however, this finding should not be
interpreted as evidence of structural equivalence across age groups.

5.2. Interpretation of Findings
5.2.1. The Relationship Between Perceived Privacy Invasion, Psychological Resistance,
and Consumer Adoption Willingness

The present study shows that perceived privacy invasion is significantly and nega-
tively associated with consumer adoption willingness. This finding suggests that consumer
responses to AI-powered personalized recommendations depend not only on recommen-
dation quality and relevance, but also on how users interpret the privacy implications
of the underlying data practices. When personalization is perceived as excessive, covert,
or disproportionate, users may become less willing to accept, rely on, or continue using
the recommendation service [15,66]. These findings are consistent with prior research
showing that privacy-related perceptions can shape consumers’ responses to personalized
and AI-enabled recommendation environments.

Perceived privacy invasion was also positively associated with psychological resis-
tance. This finding extends the discussion beyond general privacy concern by highlighting
a motivational response associated with perceived boundary violations. Privacy concern
typically reflects users’ cognitive evaluation of potential privacy risks, whereas psychologi-
cal resistance reflects a stronger sense of defensiveness, discomfort, or opposition when
users perceive that their autonomy or control is being threatened. Accordingly, users
who perceive stronger privacy invasion may also report stronger psychological resistance
toward AI-powered recommendation systems [37,40].

From the perspective of psychological reactance theory, this distinction is theoretically
meaningful. Privacy-related responses may involve more than a rational comparison of
personalization benefits and privacy costs. When recommendation practices are perceived
as intrusive or controlling, users may also experience defensiveness, discomfort, and
reluctance to be guided by the system [54,67]. The present results are therefore consistent
with the view that privacy-related perceptions in AI recommendation environments can be
accompanied by autonomy-related motivational responses.

Psychological resistance was, in turn, negatively associated with consumer adoption
willingness. This suggests that resistance is not merely an incidental emotional response
but is meaningfully related to users’ willingness to accept AI-powered recommendations.
Similar patterns have been reported in other AI-mediated settings, where intrusive or
controlling interactions are associated with avoidance, disengagement, or less favorable
behavioral responses even when the underlying AI system may be technically capable [30].

The mediation analysis provides further insight into this relationship. Psychological
resistance statistically partially mediated the negative association between perceived pri-
vacy invasion and consumer adoption willingness. Specifically, perceived privacy invasion
was associated with lower adoption willingness both directly and indirectly through higher
psychological resistance. The significant indirect association indicates that psychologi-
cal resistance represents one motivational pathway linking privacy-related perceptions
with adoption willingness, while the remaining significant direct association suggests that
other psychological or evaluative processes may also be involved. This interpretation is
consistent with prior research suggesting that privacy-related perceptions can influence
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responses to personalized technologies through intervening psychological and emotional
processes [15,16].

These findings also qualify the common assumption that greater personalization
necessarily produces more favorable consumer responses. Although personalization can
improve relevance and convenience, highly personalized outputs may also signal extensive
tracking or hidden inference when users do not understand or accept the underlying
data practices. Under such conditions, greater personalization may be accompanied by
stronger perceptions of intrusiveness rather than greater perceived value. Recent research
on AI-enabled advertising and personalization similarly suggests that highly personalized
outputs do not uniformly generate more favorable responses and may be associated with
lower effectiveness when they are perceived as intrusive or manipulative [68–70].

Overall, the findings highlight perceived privacy invasion as one specific privacy-
related perception that is relevant to consumer responses to AI-powered recommendations.
Perceived privacy invasion is associated not only with lower consumer adoption will-
ingness but also with greater psychological resistance, while psychological resistance
statistically accounts for part of the negative association between privacy invasion and
adoption willingness. This provides a more specific account of the motivational dimension
of consumers’ privacy-related responses to AI-powered personalized recommendation sys-
tems. Because general privacy concern was not measured separately, these findings should
not be interpreted as demonstrating empirical discriminant validity between perceived
privacy invasion and broader privacy concern.

5.2.2. Discussing the Moderating Role of Perceived Algorithm Transparency

The findings further show that perceived algorithm transparency significantly mod-
erates the positive association between perceived privacy invasion and psychological
resistance, supporting H5. Specifically, the association between perceived privacy inva-
sion and psychological resistance becomes weaker as perceived algorithm transparency
increases. The simple-slope analysis further showed that this positive association was
statistically significant at low and mean levels of PAT but was no longer statistically signifi-
cant at a high level of PAT. These finding is consistent with prior research suggesting that
perceived transparency and explainability can improve users’ understanding of algorithmic
systems and reduce uncertainty surrounding recommendation logic and data use [25,56].

These findings extend recent JTAER research showing that transparency shapes con-
sumer evaluations and trade-offs in AI-enabled e-commerce settings [43,71]. The present
study further suggests that perceived algorithm transparency may operate as a user-level
perceptual boundary condition in the privacy invasion–resistance relationship. When users
perceive that they can understand why recommendations are generated, what information
is used, and how explanations can be obtained, privacy-invasive experiences may be less
strongly associated with defensiveness and psychological resistance. In this sense, PAT can
be understood as a perceptual resistance-buffering condition, rather than as an objective
characteristic of the platform itself [31,32].

Beyond this first-stage moderating effect, the conditional indirect-effect analysis pro-
vides support for H6. The negative indirect association between perceived privacy invasion
and consumer adoption willingness through psychological resistance was strongest when
PAT was low, weaker at the mean level of PAT, and no longer statistically significant at high
PAT. More importantly, the statistically significant index of moderated mediation indicates
that the magnitude of this indirect association systematically varied as a function of per-
ceived algorithm transparency. Thus, PAT conditions not only the first-stage association
between perceived privacy invasion and psychological resistance, as proposed in H5, but
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also the broader indirect privacy invasion–resistance–adoption association, as proposed
in H6.

This moderated mediation finding extends prior transparency–acceptance research
in an important way. Existing studies have commonly examined transparency as a direct
antecedent of trust, perceived legitimacy, or acceptance. The present findings instead sug-
gest that perceived transparency can alter the strength of a negative psychological pathway
statistically linking perceived privacy invasion to adoption willingness through psycholog-
ical resistance. In this sense, PAT operates as a perceptual buffering condition within the
privacy-related inhibition pathway rather than merely as an independent positive predictor
of acceptance.

This interpretation is particularly relevant in AI-powered recommendation environ-
ments, where recommendation processes may appear opaque to users. Users typically
observe the personalized output but may have a limited understanding of how the system
arrived at that output, what information was used, or why a particular recommendation
was presented. Under such conditions, greater perceived transparency may provide in-
terpretive cues that make the recommendation process more understandable and reduce
uncertainty surrounding algorithmic personalization [42,72].

At the same time, the results should not be interpreted as suggesting that perceived
transparency eliminates privacy concerns. The direct negative association between per-
ceived privacy invasion and consumer adoption willingness remained statistically sig-
nificant. Thus, perceived algorithm transparency appears to attenuate one psychological
pathway—namely, the association between privacy invasion and resistance—but does
not fully offset the negative association between privacy invasion and adoption willing-
ness. This finding supports a more conditional view of transparency and suggests that
transparency and privacy protection should not be treated as substitutes [32,71].

The results also highlight the importance of distinguishing perceived algorithm trans-
parency from purely technical transparency. The construct examined in this study reflects
users’ subjective perceptions that recommendation logic, data use, and explanations are
understandable and accessible. Therefore, the findings do not demonstrate that objective
platform transparency or governance quality directly reduces psychological resistance.
Rather, they indicate that users who perceive greater transparency show a weaker associa-
tion between perceived privacy invasion and psychological resistance. This interpretation
is consistent with recent research emphasizing the importance of algorithm awareness and
user understanding in shaping responses to personalized recommendation systems [71,72].

Overall, the findings support a conditional perspective on perceived algorithm trans-
parency. PAT is important not because transparency necessarily produces uniformly posi-
tive responses to AI systems, but because users’ perceived understanding of recommen-
dation processes may provide interpretive resources when privacy-related concerns arise.
Accordingly, PAT is better conceptualized in the present study as a user-level perceptual
boundary condition than as an objective platform-level governance mechanism.

5.2.3. Age-Based Heterogeneity in the Structural Relationships

The age-based multigroup analysis provides a more cautious picture than would be
suggested by simply comparing the statistical significance of coefficients within individual
age groups. Respondents were divided into three groups—18–29, 30–49, and 50 years and
above—and measurement invariance was established at least partially across all pairwise
comparisons. The subsequent permutation-based multigroup analysis showed that none of
the five structural relationships differed significantly across age groups.

Some descriptive variation was nevertheless observed. For example, the positive asso-
ciation between perceived privacy invasion and psychological resistance was statistically
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significant among respondents aged 18–29 and 30–49, but not among respondents aged
50 and above. Similarly, the interaction between perceived algorithm transparency and
perceived privacy invasion was statistically significant in the 30–49 and 50+ groups but not
in the 18–29 group. However, these differences in within-group significance should not be
interpreted as evidence of significant between-group differences, because the corresponding
permutation tests were nonsignificant.

The permutation-based multigroup analysis did not detect statistically significant
between-group differences in the five structural relationships examined. This finding
indicates an absence of detected age-based heterogeneity in the present sample rather
than evidence that the structural relationships are equivalent across age categories. Within
the limits of the present sample, the results do not provide statistical evidence that the
moderating association involving PAT differs across the three age categories. Prior research
has similarly emphasized that users’ responses to AI systems may depend on more prox-
imal perceptual and cognitive factors, including perceived transparency and algorithm
awareness [31,56,71,72].

At the same time, the near-significant pairwise differences observed for the PV–PR
relationship warrant cautious attention rather than substantive claims. The comparisons
between the 18–29 and 50+ groups and between the 30–49 and 50+ groups yielded per-
mutation p-values of 0.069 and 0.081, respectively. Because these values exceed the con-
ventional 0.05 threshold, the present study does not treat them as evidence of age-based
heterogeneity. The relatively small size of the 18–29 subgroup (n = 71) may also have
limited statistical power to detect modest between-group differences. Future research
with larger and more balanced subgroup samples may examine whether more proximal
characteristics—such as algorithm literacy, privacy sensitivity, perceived control, prior AI
experience, or digital competence—better explain individual variation in privacy-related
responses [37,40,42,66,72,73].

The absence of statistically significant age-group differences should also be interpreted
in light of prior technology-adoption research showing that generational variation may
reflect differences in motivational factors and consumption values rather than chronological
age alone [44]. Thus, the present age categories may not capture the more proximal
psychological and value-based characteristics through which age-related differences in
technology adoption emerge. Future research could therefore combine chronological age
with variables such as digital experience, technology readiness, consumption values, or AI
familiarity to provide a more theoretically informative assessment of user heterogeneity.

Overall, the present findings support a cautious interpretation of age-related hetero-
geneity. Chronological age alone did not produce statistically significant differences in the
focal structural relationships, but this does not imply that age-related variation is absent or
that age groups are structurally equivalent.

6. Conclusions
This study examined the relationships between perceived privacy invasion, psycho-

logical resistance, perceived algorithm transparency, and consumer adoption willingness
in the context of AI-powered personalized recommendations. Drawing on the privacy-
cost perspective of privacy calculus theory and psychological reactance theory, this study
proposed and tested a first-stage moderated mediation model using survey data from
518 Chinese adult Internet users with recent experience of AI-powered personalized recom-
mendation services.

The findings show that perceived privacy invasion is negatively associated with
consumer adoption willingness and positively associated with psychological resistance.
Psychological resistance, in turn, is negatively associated with adoption willingness and
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statistically partially mediates the relationship between perceived privacy invasion and
consumer adoption willingness. In addition, perceived algorithm transparency moderates
the positive association between perceived privacy invasion and psychological resistance,
such that this association becomes less pronounced at higher levels of perceived algorithm
transparency. The supplementary conditional process analysis further showed that PAT
conditioned the indirect association between perceived privacy invasion and consumer
adoption willingness through psychological resistance. Specifically, the negative indirect
association became progressively weaker as PAT increased, as indicated by a statistically
significant index of moderated mediation (index = 0.0464, 95% bootstrap CI [0.0191, 0.0816]).

Additional analyses provide further support for the robustness of the proposed model.
The model demonstrated meaningful out-of-sample predictive ability, while a targeted
Gaussian copula robustness check indicated that the PAT-related estimates were not materi-
ally altered by the specific copula adjustment. Age-based multigroup analysis detected no
statistically significant pairwise differences in the structural path coefficients across respon-
dents aged 18–29, 30–49, and 50 years and above. This finding is interpreted as an absence
of detected age-based heterogeneity rather than evidence of structural equivalence across
age groups. Indicator-exclusion sensitivity analyses also showed that the focal structural
and moderated mediation findings were not dependent on the potentially overlapping
indicators identified in the measurement model.

Overall, this study highlights that consumer responses to AI-powered personalized
recommendations are associated not only with the perceived usefulness or relevance of
personalization but also with how users interpret the privacy implications and comprehen-
sibility of algorithmic recommendation processes. By identifying psychological resistance
as a motivational pathway and perceived algorithm transparency as a user-level percep-
tual boundary condition, this study provides a more nuanced account of the statistical
pathway associated with lower willingness to adopt AI-powered recommendations when
privacy-invasive personalization is experienced.

6.1. Theoretical Contributions

This study makes several theoretical contributions to the literature on AI-powered
personalized recommendation, privacy, and consumer adoption.

First, the study extends research on AI-powered personalized recommendations by
shifting attention from predominantly value-enhancing mechanisms to a privacy-related
inhibition pathway. Prior studies have largely emphasized recommendation relevance,
efficiency, trust, satisfaction, and engagement. In contrast, the present findings show that
perceived privacy invasion is negatively associated with consumer adoption willingness,
highlighting an important cost-related pathway in AI-enabled personalization. This pro-
vides a more balanced account of AI recommendation systems as technologies capable of
generating both perceived value and negative privacy-related responses.

Second, the study contributes to privacy research by focusing on perceived privacy
invasion as an immediate perception that acceptable personal boundaries have been crossed
and by linking this perception to psychological resistance. This differs conceptually from
broader privacy concern, which typically refers to a more general evaluation of potential
privacy risks. The present findings show that perceived privacy invasion is positively
associated with an autonomy-related motivational response and is indirectly associated
with adoption willingness through psychological resistance. Importantly, because general
privacy concern was not included as a separate measured construct, the present study
does not claim to empirically establish discriminant validity between perceived privacy
invasion and general privacy concern. Rather, its contribution lies in specifying and testing

https://doi.org/10.3390/jtaer21090310

https://doi.org/10.3390/jtaer21090310


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 310 30 of 39

the motivational pathway associated with perceived boundary-crossing experiences in
AI-powered recommendation contexts.

Third, the study extends psychological reactance theory to AI-powered personalized
recommendation contexts by identifying psychological resistance as a statistical mediating
pathway linking perceived privacy invasion and consumer adoption willingness. The
significant indirect association through psychological resistance suggests that users’ privacy-
related perceptions are associated with adoption willingness partly through an autonomy-
related motivational response. This contributes to understanding why consumers may resist
algorithmic recommendations even when such systems are functionally useful or accurate.

Fourth, this study contributes to research on algorithm transparency by conceptualiz-
ing PAT as a user-level perceptual boundary condition. The significant first-stage interaction
shows that the positive association between perceived privacy invasion and psychological
resistance becomes less pronounced at higher levels of PAT. More importantly, the signifi-
cant index of moderated mediation indicates that PAT also conditions the broader indirect
privacy invasion–resistance–adoption association. This extends transparency research be-
yond its commonly examined direct associations with trust and acceptance by showing that
perceived transparency can alter the strength of a privacy-related psychological pathway.
In addition, because general privacy concern was not measured as a separate construct, the
conceptual distinction between perceived privacy invasion and broader privacy concern
could not be empirically tested in the present study. Future research could include both
constructs simultaneously to assess their empirical distinctiveness and potentially different
psychological consequences.

Fifth, the study contributes by examining potential age-based heterogeneity in the pro-
posed structural relationships using measurement invariance assessment and permutation-
based multigroup analysis. No statistically significant differences in the focal structural
paths were detected across the 18–29, 30–49, and 50+ groups. These findings should be
interpreted as an absence of detected age-based heterogeneity in the present sample rather
than as evidence of structural equivalence across age categories.

Overall, this study integrates the privacy-cost perspective of privacy calculus theory
with psychological reactance theory and perceived algorithm transparency to provide a
more nuanced explanation of consumer responses to AI-powered personalized recommen-
dations. By identifying both a motivational pathway through psychological resistance
and a perceptual boundary condition through PAT, the study clarifies how privacy-related
perceptions are associated with lower adoption willingness and under what perceptual
conditions these negative responses may be attenuated.

6.2. Managerial Implications

The findings offer several practical implications for digital platform operators, e-
commerce firms, and service providers that deploy AI-powered personalized recommenda-
tion systems.

First, firms should avoid treating greater personalization as an unconditional route to
higher consumer acceptance. The negative association between perceived privacy invasion
and adoption willingness suggests that recommendation accuracy and relevance should
be balanced against users’ privacy boundaries. Platforms should therefore minimize
unnecessary data collection, avoid excessive cross-context tracking, and ensure that the
degree of personalization is proportionate to the service being provided. Recommendation
practices that appear overly precise or based on information that users do not expect the
platform to possess may increase perceptions of privacy intrusion and undermine the
willingness to use the service.
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Second, platform managers should pay attention not only to privacy concerns in a
regulatory or informational sense, but also to the psychological resistance that may accom-
pany privacy-invasive experiences. The mediation results suggest that users who perceive
stronger privacy invasion are also more likely to report defensiveness, discomfort, and resis-
tance toward the recommendation process. Firms should therefore provide meaningful user
control over personalization, such as the ability to modify recommendation preferences,
disable specific forms of personalization, reset recommendation histories, or restrict the use
of particular categories of personal data. Such controls may help reduce the perception that
users are being passively monitored or manipulated by the recommendation system.

Third, firms should improve the perceived transparency of AI recommendation sys-
tems by providing explanations that are understandable from the user’s perspective. Rather
than relying primarily on highly technical descriptions of algorithmic architecture, plat-
forms can offer concise explanations of why particular content is recommended, what types
of data contributed to the recommendation, and how users can influence future recommen-
dations. The moderating result suggests that when users perceive the recommendation
process as more understandable and explainable, the positive association between privacy
invasion and psychological resistance is less pronounced. The conditional indirect-effect
results further suggest that greater perceived transparency may reduce the extent to which
privacy-invasive experiences are statistically associated with lower adoption willingness
through psychological resistance.

However, perceived transparency should not be treated as a substitute for substantive
privacy protection. The direct negative association between perceived privacy invasion
and adoption willingness remained significant even after psychological resistance and
perceived algorithm transparency were considered. Consequently, firms should not assume
that providing explanations alone can compensate for data practices that users regard
as intrusive. A more sustainable strategy is to combine understandable explanations
with privacy-by-design practices, data minimization, meaningful consent, and accessible
user controls.

Finally, no statistically significant age-based heterogeneity was detected in the struc-
tural relationships examined in the present sample. This finding should not be interpreted
as evidence of structural equivalence across age categories. Accordingly, platforms should
not rely solely on chronological age when designing privacy and transparency interven-
tions. Instead, more individualized factors—such as users’ algorithm literacy, privacy
sensitivity, prior AI experience, and desired level of control—may provide more useful
bases for tailoring recommendation explanations and privacy settings.

6.3. Research Limitations and Future Prospects

Despite its contributions, this study has several limitations that provide opportunities
for future research.

First, the study employed a cross-sectional survey design, which limits strong causal
inference regarding the proposed relationships. Although the theoretical framework speci-
fies directional relationships between perceived privacy invasion, psychological resistance,
perceived algorithm transparency, and consumer adoption willingness, all focal variables
were measured at a single point in time. The targeted Gaussian copula analysis indicated
that the PAT-related structural estimates were not materially altered by this specific copula
adjustment; however, this result should not be interpreted as evidence that endogene-
ity is absent from the broader model or as establishing causal direction. Future studies
could employ longitudinal, experimental, or panel designs to examine how privacy-related
perceptions and psychological resistance develop over time and to provide stronger ev-
idence regarding temporal and causal ordering. The statistically significant moderated
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mediation pattern should therefore be interpreted as a conditional indirect association
rather than evidence of a causal process. In particular, the cross-sectional design cannot
exclude plausible reverse relationships, such as the possibility that users with stronger
psychological resistance retrospectively perceive personalized recommendation practices
as more privacy-invasive, nor can it rule out omitted common antecedents that may jointly
influence privacy perceptions, resistance, and adoption willingness.

Second, the data were collected from adult Internet users in China. China provides a
relevant setting because AI-powered personalized recommendation services are widely
embedded in e-commerce, short-video, social/content, and travel-service platforms. Nev-
ertheless, privacy norms, regulatory environments, technology expectations, and responses
to algorithmic personalization may differ across countries and cultural contexts. Future
research should therefore replicate the proposed model across different institutional and
cultural settings to evaluate its cross-cultural generalizability.

Third, all focal constructs were measured using self-reported perceptual data. Multi-
ple complementary diagnostics—including Harman’s single-factor test, full-collinearity
VIF assessment, and the unmeasured latent method construct procedure—suggested that
common method bias was unlikely to materially account for the reported relationships.
Nevertheless, self-reported adoption willingness may not fully correspond to actual be-
havior. Future studies could combine survey measures with behavioral indicators such as
clickstream data, recommendation acceptance records, platform usage logs, or experimen-
tally observed choices. In addition, the focal measurement items were not anchored to a
single named digital platform. The construct scores therefore reflect respondents’ overall
perceptions across their recent experiences with AI-powered personalized recommendation
services. Although this approach is consistent with the cross-platform focus of the study, it
does not allow the analysis to isolate platform-specific differences in privacy invasion, psy-
chological resistance, transparency perceptions, or adoption willingness. Future research
could employ platform-specific referents or compare otherwise equivalent models across
e-commerce, short-video, social/content, and travel-service platforms.

Fourth, although the indicator-exclusion sensitivity analyses showed that the sub-
stantive findings were robust to the removal of PR2, PR4, PV4, and AW1, the contextual
adaptation of several items may still involve conceptual content adjacent to discomfort,
avoidance, security protection, or advocacy-related responses. Future research could re-
fine these measures further and conduct dedicated content-validity assessments before
data collection.

Fifth, the proposed model focuses on one mediating mechanism, psychological resis-
tance, and one moderating condition, perceived algorithm transparency. Although these
constructs were theoretically central to the present study, other psychological and percep-
tual mechanisms may also explain consumer responses to privacy-invasive personalization.
Future research could examine additional mediators such as trust, perceived manipulation,
perceived control, or perceived fairness, as well as other boundary conditions such as
algorithm literacy, AI experience, privacy sensitivity, or user empowerment.

Sixth, the age-based multigroup analysis found no statistically significant differences
in the structural relationships across the 18–29, 30–49, and 50+ groups. Although some
subgroup coefficients varied descriptively, these differences were not statistically supported
by the permutation tests. Thus, chronological age may be too broad a proxy for the
cognitive, experiential, and privacy-related characteristics that shape responses to AI-
powered recommendations. Future research could examine more proximal individual-
level characteristics, including algorithm literacy, digital competence, privacy sensitivity,
perceived control, and prior experience with AI systems.
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Seventh, the present study examined AI-powered personalized recommendation
services across multiple digital platform contexts in order to capture the general privacy–
resistance–adoption mechanism. However, recommendation environments may differ
across e-commerce, short-video, social/content, and travel-service platforms in terms of
data intensity, recommendation purpose, user expectations, and perceived intrusiveness.
Future research could employ platform-specific samples or sufficiently large subsamples to
test whether the structural relationships identified in this study vary systematically across
platform types.

Finally, perceived algorithm transparency in this study was measured as a user-level
perceptual construct. The findings therefore should not be interpreted as evidence regarding
the objective transparency, technical explainability, or governance quality of the underlying
platforms. Future research could distinguish between objective transparency interventions
and users’ subjective perceptions of transparency, and experimentally examine whether
changes in disclosure format, explanation depth, data-use visibility, or user-control features
alter perceived transparency and subsequent privacy-related responses.

Overall, these limitations suggest that future research should extend the present
framework through stronger causal designs, behavioral data, cross-cultural replication,
platform-specific comparisons, and more fine-grained individual-difference measures.
Such extensions would help clarify when and for whom privacy-related perceptions shape
responses to AI-powered personalized recommendation systems.
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Appendix A

Table A1. Measurement items and reliability and convergent validity assessment.

Item No Construct and
Measurement Item

Factor
Loading

Cronbach’s
Alpha rho_A

Composite
Reliability

(rho_C)
AVE Literature

Source

Perceived Privacy Invasion (PV)

PV1

I feel that my personal
information is monitored,

searched, recorded, or stored
by AI personalized

recommendation services
without my permission.

0.866

0.895 0.896 0.927 0.76 [26,37,53]

PV2

I feel that my personal
information is shared with

third parties by AI
personalized recommendation

services without my
permission.

0.87

PV3

I believe that the collection of
my personal information by

AI personalized
recommendation services

creates numerous potential
privacy issues.

0.871

PV4

I believe that relevant
companies or organizations

do not take sufficient
measures to prevent

unauthorized access to
personal information by AI

personalized recommendation
services.

0.881

Psychological Resistance (PR)

PR1

I feel annoyed when AI
personalized recommendation

services overly restrict my
browsing freedom by forcing

recommendations.

0.884

0.897 0.898 0.928 0.763 [15,17,54]

PR2

Overall, I find AI
personalized recommendation

services invasive and
disruptive, which makes me

uncomfortable.

0.858

PR3

The excessive personalization
of AI personalized

recommendation systems
makes me feel manipulated,

which reduces my trust in the
recommended content.

0.874

PR4

When the AI-recommended
content does not match my

interests or needs, I feel
repelled and tend to avoid

using the service.

0.878
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Table A1. Cont.

Item No Construct and
Measurement Item

Factor
Loading

Cronbach’s
Alpha rho_A

Composite
Reliability

(rho_C)
AVE Literature

Source

Perceived Algorithm Transparency (PAT)

PAT1

I find the way the AI
personalized recommendation
algorithm works to be clear to

me.

0.83

0.867 0.869 0.909 0.715 [25,55,56]

PAT2

I understand how the AI
personalized recommendation

algorithm generates
recommended content.

0.849

PAT3
I can know what data the AI
recommendation system uses
to generate recommendations.

0.835

PAT4

When I have doubts about the
recommendation results, I can

obtain clear explanations to
help me understand.

0.868

Consumer Adoption Willingness (AW)

AW1
I would recommend others to

use AI personalized
recommendation services.

0.858

0.874 0.878 0.914 0.726 [4,57]

AW2

I am willing to browse
products or information

recommended by AI
personalized recommendation

services.

0.84

AW3

I am willing to purchase items
or accept information
recommended by AI

personalized recommendation
services.

0.825

AW4

Overall, I am willing to
browse with the assistance of

AI personalized
recommendation services.

0.884

Table A2. Full MICOM Results Across Age-Group Comparisons.

Construct Orig. Corr. Perm.
Mean 5% Step2 p Mean

Diff. Mean CI Mean p Var.
Diff. Var. CI Var. p

18–29 vs. 30–49

AW 1 0.998 0.996 0.849 0.139 [−0.266, 0.263] 0.298 −0.125 [−0.321, 0.237] 0.359

PAT 1 0.999 0.997 0.75 0.097 [−0.268, 0.256] 0.47 −0.088 [−0.337, 0.255] 0.544

PR 1 1 0.999 0.578 −0.183 [−0.258, 0.267] 0.165 −0.132 [−0.363, 0.274] 0.408

PV 0.999 1 0.999 0.269 −0.074 [−0.259, 0.262] 0.58 −0.089 [−0.386, 0.286] 0.592

18–29 vs. 50+

AW 0.999 0.999 0.996 0.434 0.114 [−0.283, 0.276] 0.419 −0.161 [−0.325, 0.255] 0.273

PAT 1 0.999 0.997 0.805 0.104 [−0.278, 0.274] 0.462 −0.101 [−0.332, 0.259] 0.499

PR 0.999 1 0.999 0.123 −0.115 [−0.274, 0.282] 0.424 −0.317 [−0.387, 0.298] 0.068

PV 1 0.999 0.998 0.807 0.156 [−0.265, 0.284] 0.273 −0.008 [−0.466, 0.369] 0.968
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Table A2. Cont.

Construct Orig. Corr. Perm.
Mean 5% Step2 p Mean

Diff. Mean CI Mean p Var.
Diff. Var. CI Var. p

30–49 vs. 50+

AW 1 0.999 0.998 0.662 −0.025 [−0.191, 0.187] 0.803 −0.030 [−0.179, 0.198] 0.747

PAT 1 1 0.999 0.642 0.007 [−0.187, 0.190] 0.94 −0.013 [−0.182, 0.196] 0.89

PR 1 1 1 0.304 0.054 [−0.191, 0.192] 0.579 −0.185 [−0.201, 0.220] 0.083

PV 1 1 0.999 0.334 0.226 [−0.188, 0.191] 0.02 0.084 [−0.238, 0.260] 0.511

Note: MICOM results are based on 10,000 permutations. Step 2 assesses compositional invariance.
Step 3a assesses equality of composite means, and Step 3b assesses equality of composite variances.
AW = Consumer Adoption Willingness; PAT = Perceived Algorithm Transparency; PR = Psychological
Resistance; PV = Perceived Privacy Invasion.

Table A3. Sensitivity Analyses Excluding Potentially Overlapping Indicators.

Specification PV → AW PV → PR PR → AW PAT → PR PAT × PV
→ PR

PV → PR
→ AW

Full model −0.357 (<0.001) 0.279 (<0.001) −0.286 (<0.001) −0.391 (<0.001) −0.162 (0.001) −0.080 (0.001)
PR2 removed −0.347 (<0.001) 0.282 (<0.001) −0.303 (<0.001) −0.368 (<0.001) −0.169 (<0.001) −0.085 (<0.001)
PR4 removed −0.361 (<0.001) 0.275 (<0.001) −0.280 (<0.001) −0.404 (<0.001) −0.152 (0.001) −0.077 (0.001)
PV4 removed −0.344 (<0.001) 0.240 (0.001) −0.301 (<0.001) −0.405 (<0.001) −0.172 (<0.001) −0.072 (0.003)
AW1 removed −0.361 (<0.001) 0.279 (<0.001) −0.247 (<0.001) −0.391 (<0.001) −0.162 (0.001) −0.069 (0.002)

All four removed −0.343 (<0.001) 0.247 (<0.001) −0.276 (<0.001) −0.385 (<0.001) −0.164 (0.001) −0.068 (0.003)

Note: Values are standardized path coefficients (β), with p values in parentheses. The full model
retained all original indicators. The sensitivity specifications excluded PR2, PR4, PV4, and AW1
individually and simultaneously.

Table A4. Variable Codebook.

Variable Description Measurement/Coding

PV Perceived Privacy Invasion PV1–PV4; five-point Likert scale
PR Psychological Resistance PR1–PR4; five-point Likert scale

PAT Perceived Algorithm Transparency PAT1–PAT4; five-point Likert scale
AW Consumer Adoption Willingness AW1–AW4; five-point Likert scale

Age group Age grouping used for MGA 18–29; 30–49; 50+
Gender Respondent gender Categorical
Region Respondent location Categorical

Monthly income Respondent monthly income Categorical
Education Highest educational level Categorical
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