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ABSTRACT KEYWORDS

As generative artificial intelligence (GenAl) use grows, continuance intention does not Generative artificial

necessarily imply loyalty. Drawing on the Theory of Planned Behavior (TPB), this study intelligence; user loyalty; Al

distinguishes continuance intention from loyalty, operationalized as affective attach- ~ anXiety; perceived risk;
- . A ; . . theory of planned behavior

ment and personal significance, and examines Al anxiety and perceived risk as predic-

tors of attitude. Competing deterrence and contextual salience expectations are

specified for the risk-attitude relationship. Using PLS-SEM, we analyze data from 1,050

Generation Z users in Turkey in an Al-assisted travel-planning context. Al anxiety

relates negatively to attitude, whereas perceived risk relates positively, supporting its

predicted direction without establishing contextual salience as the underlying process.

Both effects are modest and explain little variance in attitude. Attitude shows the

strongest relationship with continuance intention among TPB predictors, while con-

tinuance intention is strongly linked to loyalty. The study advances GenAl post-adop-

tion research by distinguishing continuance intention from loyalty and contrasting the

roles of Al anxiety and perceived risk.

1. Introduction

Generative Al (GenAl) has attracted widespread use across individual and organizational settings, yet
adoption alone does not indicate whether users report post-adoption loyalty (Deloitte, 2025; McKinsey
& Company, 2025). This distinction has become increasingly important in a market where a growing
number of competing GenAl services offer overlapping capabilities and where technical differentiation
alone may not sustain platform commitment. In markets characterized by low switching costs and rapid
platform proliferation, user reach provides limited evidence of platform-specific loyalty (Farrell &
Klemperer, 2007; Rochet & Tirole, 2003). The relevant question is whether repeated use is accompanied
by platform-specific loyalty that extends beyond an intention to continue use (Dick & Basu, 1994;
Oliver, 1999).

However, information systems (IS) research most directly relevant to GenAl post-adoption has pri-
marily examined acceptance and continuance, with less attention to platform-specific loyalty (Mishra
et al, 2023; Vatanasombut et al, 2008). This limitation is particularly relevant in GenAlI contexts,
where users may continue using several platforms without reporting strong loyalty to any one of them.

Addressing this gap, the present study examines the associations among users’ evaluative responses,
continuance intention, and platform loyalty. The analysis is situated in the context of Al-assisted
travel planning, an information-intensive and consequence-sensitive setting in which users evaluate
Al-generated recommendations under uncertainty. Inaccurate or unreliable recommendations in this
context may carry financial, temporal, and experiential consequences.
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Explaining loyalty in GenAl contexts requires attention not only to functional evaluations but also
to psychological frictions associated with AI use. Established frameworks such as the Technology
Acceptance Model (TAM) (Davis, 1989) and the Expectation-Confirmation Model (Bhattacherjee, 2001)
provide well-developed accounts of acceptance and continuance, but these outcomes alone do not
establish loyalty (Li et al., 2026; Venkatesh et al., 2003). GenAlI introduces additional evaluative com-
plexity because users may hold favorable and unfavorable evaluations of AI at the same time (Dwivedi
et al., 2023; Mick & Fournier, 1998; Schepman & Rodway, 2023). Al anxiety refers to apprehension and
unease associated with interacting with AI systems (Wang & Wang, 2022). Recent studies document Al
anxiety and Al-related worries in educational and clinical settings (Ayed et al., 2025; Ayed et al., 2025;
Batran et al., 2025; Cengiz & Peker, 2025; Zhang & Tong, 2025). Related research on informatics com-
petence, self-efficacy, and decision-making provides complementary grounding for perceived behavioral
control in technology-mediated settings (Amer et al., 2025; Batran et al.,, 2022; Compeau & Higgins,
1995).

The study treats loyalty as a post-adoption outcome distinct from continuance intention and concep-
tualizes it as a form of affective and preferential commitment (Oliver, 1999). The empirical form of loy-
alty examined here is narrower, emphasizing affective attachment and personal significance rather than
cognitive or behavioral loyalty. It also does not directly capture comparative preference or resistance to
alternatives, and the findings should not be generalized to these unmeasured forms of loyalty. This
bounded interpretation accords with research distinguishing attitudinal loyalty from retention or
repeated behavior (Back & Parks, 2003; Dick & Basu, 1994; Gustafsson et al., 2005; Sahin et al., 2013).
Studies of Al-enabled services also examine sustained use, trust, and relational engagement (Boulus-
Redje et al., 2024; Foroughi et al., 2026; Lee et al., 2021, 2023); the present study does not, however,
treat these outcomes as interchangeable with loyalty.

The study extends the Theory of Planned Behavior (TPB) (Ajzen, 1991) by examining AI anxiety
and perceived risk as distinct psychological frictions associated with attitude. Perceived risk concerns
assessments of possible adverse outcomes (Bauer, 1967; Featherman & Pavlou, 2003; Mitchell, 1999),
whereas attitude represents the user’s overall evaluation of using the technology (Eagly & Chaiken,
1993). Because perceived risk and attitude represent distinct evaluations, a user may recognize risks
while still evaluating a platform favorably; such coexistence does not establish a positive association
between the constructs. The study therefore compares a deterrence expectation with a contextual sali-
ence expectation for the risk-attitude relationship. The contextual salience expectation provides one
possible account of why users for whom Al-assisted travel planning is more consequential may recog-
nize platform risks more readily while holding favorable attitudes on the basis of other considerations.
Research on Al-chatbot acceptance similarly indicates that evaluative responses vary with users’ cer-
tainty about their needs (Zhu et al.,, 2022). However, contextual salience, perceived benefit, usefulness,
engagement, and perceived competence are not measured; the comparison evaluates only the direction
of the association and does not identify the process underlying it.

The empirical analysis focuses on active Generation Z users of GenAl in Turkey within the context
of Al-assisted travel planning. Generation Z provides a relevant population because GenAl is increas-
ingly present in younger adults’ digital and working lives, although generational membership is not
treated as evidence of uniform technological competence (Deloitte, 2025; Needleman, 2023, 2026;
Prensky, 2001). Turkey’s ongoing digitalization provides additional contextual grounding (Fidan, 2024).

This study advances research on GenAl post-adoption in three major ways. First, it distinguishes
continuance intention from loyalty and clarifies that the empirical construct primarily reflects affective
attachment and personal significance within a broader affective and preferential understanding of loy-
alty (Back & Parks, 2003; Oliver, 1999). Second, it extends TPB by examining Al anxiety and perceived
risk as psychological frictions associated with attitude while framing them as a partial rather than com-
prehensive account of variation in attitude. Finally, it compares deterrence and contextual salience
expectations for the perceived risk-attitude relationship, with the comparison limited to the direction
of the association rather than constituting a test of contextual salience itself.
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2, Theoretical background and hypotheses

Research on digital technology adoption has moved from explaining initial acceptance to understanding
users’ continued engagement with digital systems after adoption. The Technology Acceptance Model
(TAM) (Davis, 1989), the Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh
et al., 2003), its consumer-oriented extension, UTAUT2, which incorporates hedonic motivation and
habit (Venkatesh et al, 2012), and the Expectation-Confirmation Model of IS continuance
(Bhattacherjee, 2001) have each contributed to this trajectory. Collectively, these models show that per-
ceived usefulness, social influence, ease of use, and expectation confirmation are associated with users’
decisions to adopt and continue using digital systems. These frameworks have also been widely applied
to Al-enabled contexts, including conversational agents (Ashfaq et al., 2020; Blut et al., 2021) and gen-
erative systems (Dwivedi et al., 2021, 2023).

This body of research provides a robust theoretical explanation of technology acceptance and con-
tinuance. However, these models do not explicitly theorize loyalty as a distinct post-adoption outcome,
an omission that becomes especially consequential in the context of generative Al. Continuance inten-
tion captures users’ stated willingness to keep using a system, whereas loyalty denotes a stronger post-
adoption evaluation involving affective attachment and preferential commitment (Bhattacherjee, 2001;
Dick & Basu, 1994; Oliver, 1999). Although emerging GenAl research has begun to examine loyalty-
related outcomes, the relationship between continuance intention and the specific form of loyalty
expressed toward a focal platform remains insufficiently explained.

The distinction between continuance and loyalty is structural rather than terminological.
Continuance intention, as Bhattacherjee (2001) operationalizes it, captures an undifferentiated willing-
ness to continue using a system; it does not distinguish users who return out of preference from those
who return due to inertia or the absence of viable alternatives. Loyalty, by contrast, reflects a stronger
form of commitment grounded in enduring preference and affective attachment (Dick & Basu, 1994;
Oliver, 1999). Oliver’s (1999) four-stage model makes this progression explicit, proposing that loyalty
advances through cognitive, affective, conative, and action phases, each progressively more resistant to
disruption. Explaining loyalty therefore requires extending existing post-adoption frameworks beyond
continuance intention.

Conceptually, loyalty may encompass affective attachment, preferential commitment, resistance to
alternatives, and behavioral persistence (Dick & Basu, 1994; Oliver, 1999). The empirical construct
examined in the present study is narrower. As operationalized by the retained indicators, loyalty reflects
affective attachment to the focal GenAlI platform and the personal significance that users attribute to it.
It does not directly capture comparative preference, resistance to alternative platforms, cognitive loyalty,
or behavioral loyalty. Accordingly, the construct should be interpreted as a bounded affective-evaluative
form of post-adoption loyalty rather than as a comprehensive representation of loyalty.

The importance of this distinction becomes particularly salient in generative AI markets. GenAlI tools
and platforms are proliferating rapidly, expanding the range of alternatives available to users (Wessel
et al., 2025). Where switching costs are relatively low, continuance intention toward a given platform may
coexist with parallel or task-specific use of alternatives and may consequently provide limited evidence of
loyalty to a focal service (Burnham et al., 2003; Mishra et al., 2023). Users may intend to continue using
several platforms without developing a clear affective attachment or preferential orientation toward any
one of them. Loyalty therefore warrants examination as a distinct post-adoption construct rather than
being inferred from continuance intention alone (Dick & Basu, 1994; Oliver, 1999).

2.1. Theory of planned behavior

Among the available frameworks, the TPB (Ajzen, 1991) provides a particularly suitable foundation for
explaining post-adoption evaluations in the GenAlI context. Within this framework, behavioral intention
is shaped by three proximal determinants: subjective norms, attitude, and perceived behavioral control
(PBC). Attitude captures the overall evaluative response (Eagly & Chaiken, 1993). Subjective norms
capture perceived social pressure from relevant others, and PBC reflects perceived feasibility given avail-
able abilities and constraints, with self-efficacy as a central component (Compeau & Higgins, 1995;
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Eagly & Chaiken, 1993). TPB has been applied in contexts in which evaluation, social influence, and
perceived competence are jointly relevant to behavioral decisions (Glasman & Albarracin, 2006; Taylor
& Todd, 1995; Venkatesh et al., 2003). The framework has also been extended to incorporate additional
evaluative and risk-related constructs in electronic commerce and digital technology settings closely
related to the present study (Pavlou et al., 2007).

TPB is well-suited to examining GenAl use because its core constructs capture evaluation, social
influence, and perceived behavioral control in contexts where users must assess both technological
value and personal capability. In the present context, attitude refers to the user’s overall evaluation of
using a GenAl platform, including whether continued interaction with it is regarded favorably. In
GenALl settings, this evaluation may be complicated by outputs that users cannot always verify readily.
Subjective norms capture the increasing social legitimacy of Al use in academic and professional envi-
ronments (Dwivedi et al., 2021; Ivanov et al., 2024). Perceived behavioral control reflects whether users
feel capable of prompting effectively, interpreting outputs critically, and managing system opacity
(Compeau & Higgins, 1995; Long & Magerko, 2020). However, the original framework does not fully
capture the psychological frictions that distinguish GenAI from conventional digital tools.

Research on responses to algorithmic systems further shows that evaluations of these systems vary
with observed performance, task characteristics, and user conditions. Dietvorst et al. (2015) found that
observing an algorithm make errors can reduce subsequent reliance even when its forecasts remain
more accurate than human forecasts. Related research identifies task characteristics and trust-relevant
conditions as sources of variation in responses to algorithmic systems (Castelo et al., 2019; Glikson &
Woolley, 2020). Under other conditions, Logg et al. (2019) document algorithm appreciation, in which
users assign greater weight to algorithmic than to human advice, while also identifying variation across
users and comparison conditions. These findings do not establish a perceived-risk explanation, but they
show that responses to algorithmic systems are sensitive to the conditions under which users encounter
and evaluate them.

This context sensitivity indicates that TPB’s original specification may not fully represent the psycho-
logical concerns associated with GenAI use. Extensions of TPB are warranted when domain-specific
constructs account for aspects of intention that are not adequately represented by its original determi-
nants (Ajzen, 2020; Conner & Armitage, 1998). Accordingly, the present study incorporates Al anxiety
and perceived risk as distinct psychological frictions associated with attitude and positions loyalty as a
post-adoption outcome associated with continuance intention.

2.2, Al anxiety

Within TPB, attitude represents the evaluative component most proximally associated with behavioral
intention (Ajzen, 1991, 2001). In the present model, AI anxiety and perceived risk are treated as psy-
chologically distinct antecedents of attitude. Al anxiety represents an affective response characterized by
apprehension and discomfort when engaging with or anticipating AI systems (Schepman & Rodway,
2023; Tong et al., 2025; Wang & Wang, 2022). Perceived risk represents a cognitive appraisal of the
probability and magnitude of adverse outcomes associated with use (Bauer, 1967; Featherman &
Pavlou, 2003; Lim, 2003). Although both reflect broader orientations toward Al systems, their evalu-
ative consequences are assessed at the focal-platform level, consistent with the conceptualization of atti-
tude, continuance intention, and loyalty in this study. Because these frictions are psychologically
distinct, their associations with attitude should be theorized and tested separately.

Al anxiety is particularly relevant in GenAl contexts because system opacity and output uncertainty
can sustain affective discomfort during interaction. When interaction evokes unease, users’ evaluative
attention may shift from perceived benefits such as efficiency, creativity, and task support to concerns
about overreliance, reduced autonomous judgment, and inaccurate information. Within TPB, this
affective reorientation can weaken the evaluative beliefs that underlie the formation of favorable atti-
tudes (Ajzen, 2001). Consequently, users experiencing greater Al anxiety are expected to evaluate
GenAl systems less favorably. This weaker evaluative foundation is, in turn, expected to be associated
with lower continuance intention and ultimately weaker loyalty.
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Prior research in Al-enabled work, learning, and service contexts supports this expectation (Chen
et al., 2025; Li et al., 2026; Wang et al., 2022). Evidence from emerging GenAl research provides more
direct support for this expectation. Cengiz and Peker (2025) show that AI anxiety is negatively related
to acceptance of generative Al through attitudes toward AI and AI literacy, while Zhang and Tong
(2025) link ChatGPT-related technostress to Al anxiety, negative attitudes, and discontinuance-oriented
responses. Evidence from clinical and professional Al-use contexts further indicates that Al-related
worries, informatics competence, and self-efficacy become salient when users rely on Al systems in
consequence-sensitive decision environments (Amer et al., 2025; Ayed et al., 2025; Ayed et al., 2025;
Batran et al., 2022, 2025). These findings are especially relevant to Al-assisted travel planning, where
users must evaluate probabilistic recommendations and make decisions that may have financial, tem-
poral, and experiential consequences. This reasoning and prior evidence support the expectation that
AT anxiety is negatively associated with attitude toward generative Al. Accordingly:

H1. AI anxiety is negatively associated with attitude toward generative Al

2.3. Competing directional expectations for perceived risk

Perceived risk refers to users’ assessments of uncertainty and possible adverse consequences associated
with technology use (Bauer, 1967; Featherman & Pavlou, 2003). In the present study, the construct
encompasses concerns about personal-data use, harm to privacy or confidentiality, general uncertainty,
loss of control over data, and harmful or misleading outputs, reflecting privacy- and output-related
risks documented in AI contexts (Gerlich, 2024; Weidinger et al.,, 2022). Related evidence from conse-
quence-sensitive healthcare settings also documents Al-related worries involving data management and
regulatory or ethical concerns, although these broader worries are not equivalent to the perceived-risk
construct examined here (Ayed et al., 2025; Batran et al., 2025). Perceived risk is generally treated as a
deterrent in digital-service research, where previous studies report negative associations with adoption-
related evaluations and intentions (Featherman & Pavlou, 2003; Kim et al., 2008). This evidence pro-
vides a basis for expecting users who perceive greater risk to hold less favorable attitudes toward
GenAlL

Perceived risk and attitude are nevertheless distinct evaluations. Perceived risk concerns possible
adverse outcomes, whereas attitude represents the user’s overall evaluation of using the technology
(Eagly & Chaiken, 1993). Privacy-calculus research examines privacy concerns alongside other consider-
ations associated with willingness to transact online (Dinev & Hart, 2006), while consumer-risk
research links perceived risk to information search and more extensive evaluation (Mitchell, 1999).
Neither line of research shows that perceived risk improves attitude or is positively associated with it.
These literatures do, however, indicate that risk recognition can remain relevant alongside other evalua-
tions. A user may therefore recognize privacy-, data-control-, or output-related risks while still holding
a favorable overall evaluation of a GenAl platform. This coexistence does not establish a positive associ-
ation, which requires perceived risk and attitude to covary systematically across users.

One possible theoretical basis for such covariance concerns differences in the subjective salience of
the use context. Although all respondents evaluated GenAlI in the context of travel planning, the finan-
cial, temporal, or experiential consequences of relying on Al-generated recommendations may be more
salient to some users than to others. Users for whom this context is more consequential may recognize
platform risks more readily while also evaluating the platform favorably on the basis of other, unmeas-
ured considerations. Such heterogeneity could be reflected in positive covariance between perceived risk
and attitude without implying that greater perceived risk itself produces a more favorable attitude.
Research on algorithm aversion and appreciation does not examine perceived risk directly, but it shows
that evaluations of algorithmic systems can vary across tasks, users, and decision conditions (Dietvorst
et al., 2015; Logg et al., 2019). We refer to this account as contextual salience.

This account cannot be evaluated directly, however, because the model contains no measures of per-
ceived benefit, usefulness, engagement, or perceived competence. Limited risk awareness does not
straightforwardly explain a positive association under the present operationalization, because lower
awareness of the measured risks would ordinarily be reflected in lower perceived-risk scores among
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favorably disposed users. Such a pattern would tend to weaken rather than generate positive covariance.
However, because objective risk knowledge was not assessed, this alternative cannot be conclusively
evaluated. The screening criteria establish active GenAlI use, but they neither demonstrate risk literacy
nor exclude early-adopter characteristics. Perceived competence also remains a directionally indetermin-
ate omitted variable because it could accompany both stronger risk recognition and more favorable atti-
tudes or, alternatively, reduce perceived vulnerability while remaining positively associated with
attitude. Other unmeasured characteristics cannot be ruled out. Because contextual salience is not meas-
ured, a positive coefficient would support only the direction of the association and would neither show
that perceived risk makes attitudes more favorable nor constitute a test of this account. The contextual
salience label therefore identifies the theoretical account informing the positive directional expectation
rather than a process tested by the model. We therefore compare two directional expectations without
treating either explanation as established:

H2a. Perceived risk is negatively associated with attitude toward generative AI (Deterrence
expectation).

H2b. Perceived risk is positively associated with attitude toward generative AI (Contextual salience
expectation).

2.4. Attitude

Within the TPB framework, attitude is positioned as a proximal antecedent of behavioral intention,
such that favorable evaluation is expected to be associated with stronger intention to continue the
behavior (Ajzen, 1991; Bhattacherjee, 2001; Davis, 1989). In the GenAl context, initial use may reflect
curiosity, experimentation, or external pressure rather than a settled evaluation of the focal platform.
Regardless of what prompts initial use, users who evaluate continued interaction more favorably are
expected to report stronger continuance intention.

The role of attitude is particularly relevant in decision contexts where reliance on Al outputs carries
meaningful consequences. Users must assess whether Al-generated recommendations are sufficiently
useful and reliable to support their choices. At this stage, attitude serves as a central evaluative basis for
continuance intention rather than a direct causal determinant of continued use. Prior evidence from
ChatGPT and generative Al contexts is consistent with the positive association between favorable atti-
tudes and continuance intention (Bhattacherjee, 2001; Han et al., 2024; Pavlou & Fygenson, 2006).
Accordingly:

H3. Attitude is positively associated with continuance intention toward generative Al

2.5. Subjective norms

Within TPB, behavioral intention is associated not only with individuals’ own evaluations but also with
their perceptions of how relevant others view the behavior. Subjective norms refer to perceived social
pressure from relevant others and may be especially influential when expectations concerning appropri-
ate behavior remain unsettled (Ajzen, 1991; Venkatesh & Davis, 2000). In the GenAl context, norms
governing appropriate use are still evolving across academic and professional environments, making
users more likely to rely on social cues when judging whether continued use is appropriate.

This reasoning is consistent with social comparison processes and the role of interpersonal influence
in technology diffusion (Festinger, 1954; Rogers, 2003). Endorsement from peers, instructors, col-
leagues, and supervisors may signal that continued GenAl use is socially acceptable. Subjective norms
are therefore expected to be positively associated with users’ willingness to continue using the focal
platform, although the present model does not measure perceived legitimacy or social uncertainty as
separate explanatory processes.

The role of subjective norms is particularly relevant in contexts where the consequences of reliance
on Al outputs are non-trivial. Users may look to peers and other referents to assess whether relying on
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GenAl for consequential decisions is appropriate and acceptable. Prior evidence from Al-supported
learning and ChatGPT-related contexts is consistent with the positive association between subjective
norms and continuance intention (Saxena & Doleck, 2023; Wang et al., 2025). Accordingly:

H4. Subjective norms are positively associated with continuance intention toward generative Al

2.6. Perceived behavioral control

Perceived behavioral control captures the role of perceived feasibility in the formation of behavioral
intention. It reflects users’ assessment of whether they possess the resources, competencies, and situ-
ational conditions required to perform the behavior successfully, with self-efficacy as its central cogni-
tive component (Ajzen, 1991; Bandura, 1986).

In the GenAl context, perceived behavioral control is particularly relevant because effective use may
require iterative interaction, critical evaluation of outputs, and management of system limitations.
Users who doubt their ability to perform these activities may report weaker continuance intention even
when they evaluate the platform favorably. Conversely, users who regard continued use as feasible and
manageable are expected to report stronger continuance intention.

Prior information-systems research reports positive associations of perceived behavioral control and
self-efficacy with behavioral intention (Compeau & Higgins, 1995; Venkatesh et al., 2003), and emerg-
ing evidence from GenAl contexts indicates a similar pattern (Mun & Hwang, 2025). Research on
informatics competency, self-efficacy, and clinical decision-making further supports the relevance of
capability-related perceptions in technology-mediated decision settings, although these studies do not
test continuance intention toward GenAl platforms directly (Amer et al, 2025; Batran et al., 2022).
Accordingly:

H5. Perceived behavioral control is positively associated with continuance intention toward genera-
tive Al

2.7. Continuance intention and loyalty

The final path in the proposed model concerns the association between continuance intention and loy-
alty, the focal post-adoption outcome. Oliver’s (1999) framework distinguishes cognitive, affective,
conative, and action manifestations of loyalty, indicating that intention, attachment, and behavior are
not interchangeable. In the present study, continuance intention captures users’ stated willingness to
continue using the focal platform, whereas the retained loyalty indicators capture affective attachment
and the platform’s personal significance to the user. The retained indicators do not directly assess com-
parative preference, resistance to alternatives, cognitive loyalty, or behavioral loyalty. Continuance
intention and the measured form of loyalty are therefore treated as related but conceptually distinct
post-adoption evaluations rather than as successive stages observed over time.

Research on loyalty and habitual use similarly indicates that repeated behavior and evaluative loyalty
are related but distinct outcomes (Dick & Basu, 1994; Limayem et al., 2007). Studies in online and ser-
vice settings also distinguish continued patronage intentions from attitudinal and behavioral loyalty,
supporting the treatment of these outcomes as connected but nonequivalent (Cossio-Silva et al., 2016;
Srinivasan et al., 2002). More directly, evidence from mobile payment applications reports a positive
association between continuance intention and e-loyalty (Al Amin et al., 2024). Although these studies
concern digital services rather than GenAl-assisted travel planning, they provide a basis for expecting
continuance intention to be positively associated with the retained form of loyalty examined here.
Accordingly:

H6. Continuance intention is positively associated with loyalty toward generative Al

The proposed model treats Al anxiety and perceived risk as distinct psychological frictions associated
with attitude toward the focal GenAl platform. The perceived risk-attitude relationship is specified
through two competing directional expectations: a deterrence expectation and a contextual salience
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Theory of Planned Behavior (TPB)

Al Anxiety Subjective Norms
(A) (SN)
H4
H1
N
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(ATT)
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H2a () / H2b (+) N Control Variables
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Perceived Risk l’crcFl\ ed Behavioral - Age group
(PR) Control (PBC) - Education level
- Occupational status

- Usage frequency
- Membership status

Figure 1. Conceptual model.
Note: H2a and H2b represent competing hypotheses for the perceived risk — attitude path. H2a reflects the deterrence perspective, whereas
H2b reflects the contextual salience expectation.

expectation. Attitude, subjective norms, and perceived behavioral control are specified as predictors of
continuance intention, which is in turn associated with the retained form of loyalty, operationalized in
this study as affective attachment and personal significance. For the perceived risk-attitude relationship,
the comparison evaluates which directional expectation is supported; it does not test contextual salience
as the process underlying the observed association. The resulting conceptual framework is presented in
Figure 1.

3. Research methodology
3.1. Sample and data collection

The study was conducted in Turkey among Generation Z users with recent and substantive experience
using generative Al, with the empirical context framed around Al-assisted travel planning. This empir-
ical setting was selected because travel planning involves information-intensive, consequence-sensitive
decisions that require evaluating multiple alternatives and assessing the reliability of Al-generated rec-
ommendations (Kim et al., 2020; Lalicic & Weismayer, 2021; Li & Lee, 2025). Turkey provides a rele-
vant context as a rapidly digitalizing emerging economy in which Al-related practices are being
adopted while social norms, regulatory expectations, and trust arrangements are still developing
(Deloitte, 2024). These characteristics make Turkey a relevant setting for examining psychological fric-
tions associated with GenAl evaluation.

Generation Z was selected as the focal population because digital platforms are deeply embedded in
their academic, professional, and social routines, and because travel planning is a familiar decision
domain for this cohort (Deloitte, 2025; Needleman, 2023). At the same time, familiarity with digital
technologies does not eliminate uncertainty, perceived risk, or anxiety in Al-enabled interactions, mak-
ing this group suitable for examining post-adoption evaluations among frequent users (Popsa, 2024).

Data were collected through an online survey between September and October 2025. Because no
comprehensive sampling frame exists for users of GenAl in travel-planning contexts, probability-based
sampling was not feasible. A quota-based purposive sampling strategy was therefore used to ensure
variation across gender, geographic region, and occupational status, with quotas monitored during data
collection to maintain balance across these categories, consistent with post-adoption research in con-
texts where verified user experience is particularly important (Calder et al., 1981; Palinkas et al., 2015).
Accordingly, the sample should be interpreted as a theoretically relevant non-probability sample rather
than as a statistically representative sample of all Generation Z GenAlI users in Turkey. Compared with
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Table 1. Demographic profile of respondents (N =1,050).

Characteristics Number % Characteristics Number %

Gender Membership status

Female 584 55.6 Paid subscription 245 233

Male 466 44.4 Free access 805 76.7

Age groups GenAl use for travel planning

18-23 years old 540 514 Every day 362 345

24-28years old 510 48.6 Several times a week 452 43.0
Several times a month 92 8.8

Education Rarely 144 13.7

High school or below 150 14.3

Bachelor's degree 700 66.7 Gen-Al tools

Graduate degree 200 19.0 ChatGPT 999 95.1
Google Gemini 308 29.3

Occupation Microsoft Copilot 159 15.1

Student 457 435 Claude 56 53

Employed 584 55.6 Midjourney/DALL-E 47 4.5

Other 9 0.9 Other 78 7.4

Note: GenAl tools were measured using a multiple-response item; therefore, frequencies and percentages exceed N=1,050 and 100%,
respectively.

unrestricted convenience recruitment, quota monitoring provided greater control over sample compos-
ition by maintaining prespecified variation across gender, geographic region, and occupational status
and reducing the likelihood that recruitment would be disproportionately concentrated within particu-
lar categories (Mercer et al., 2017). This approach therefore promoted greater heterogeneity across the
monitored characteristics without eliminating self-selection or conferring the representativeness associ-
ated with probability sampling. Participants were recruited through Al-focused online communities,
peer referral networks, and targeted outreach on Instagram and LinkedIn, yielding a sample that
extends beyond university-affiliated respondents and includes employed young adults from diverse
occupational backgrounds.

To capture a meaningful post-adoption experience, respondents were required to meet four screen-
ing criteria based on their general GenAl use: use within the previous 7days, at least twice-weekly
usage, experience with at least two platforms, and engagement in substantive tasks. The questionnaire
was framed around Al-assisted travel planning, with key items asking respondents to evaluate their atti-
tudes, intentions, and use of AI tools in that context, so that responses reflected a specific, behaviorally
relevant setting rather than general perceptions of AI. Accordingly, the usage-frequency variable
reported in Table 1 reflects how often respondents used GenAlI for travel planning specifically, whereas
eligibility for the study was determined by general GenAlI use.

Participation in the study was voluntary and anonymous. Before completing the questionnaire,
respondents were informed about the academic purpose of the study, and electronic informed consent
was obtained. All responses were used solely for research purposes. The study was conducted in accord-
ance with the research ethics guidelines of Ibn Haldun University and relevant national standards.
According to the written institutional policy of Ibn Haldun University, formal ethics committee
approval was not required because the study involved anonymous, non-sensitive survey data, collected
no personally identifiable information, and included adult respondents who participated voluntarily.

Of the 1,389 initial responses, 339 were excluded based on pre-specified data-quality criteria, includ-
ing straight-lining, failed attention checks, insufficient platform familiarity, or implausibly short com-
pletion times (Ward & Meade, 2023), yielding a final analytic sample of 1,050. This sample size meets
commonly cited PLS-SEM recommendations and is adequate for estimating the proposed model (Hair
et al., 2019; Hair & Alamer, 2022; Memon et al., 2020; Sarstedt et al., 2022). Sample characteristics are
reported in Table 1.

Nonresponse bias was assessed using an early-late respondent comparison (Armstrong & Overton,
1977). Chi-square tests for categorical demographic variables and independent-samples t-tests for focal
constructs indicated no significant differences between early and late respondents across the variables
assessed (all p > 0.05), suggesting that there was no evidence of substantial nonresponse bias based on
this diagnostic.
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Table 2. Measures.

Constructs Items

Al anxiety (Appel et al., 2020; Wang & Wang, 2022) A1: “Using this Al platform makes me feel uneasy.”
A2: “| feel anxious when | rely on this Al platform.”
A3: “| feel uncomfortable because | cannot fully understand how this Al
platform produces its outputs.”
A4: “Using this Al platform sometimes makes me feel a loss of control.”
A5: “| feel uneasy about making decisions based on this Al platform’s
responses.”
Perceived risk (Featherman & Pavlou, 2003) PR1: “ am concerned about how this Al platform uses my personal data.”
PR2: “Using this Al platform could potentially harm my privacy or
confidentiality.”
PR3: “| feel that there are uncertainties or potential risks associated with
using this Al platform.”
PR4: “I am worried that | may lose control over my data when interacting
with this Al platform.”
PR5: “There is a possibility that this Al platform may produce harmful or
misleading outputs.”
Subjective norms (Al-Emran et al., 2020) SN1: “People who are important to me think | should use this Al platform.”
SN2: “People who influence my behavior think | should use this Al platform.”
SN3: “People whose opinions | value prefer that | use this Al platform.”
Attitude (Davis, 1989) ATT1: “Using this Al platform is a good idea.”
ATT2: “l have a generally favorable attitude toward using this Al platform.”
ATT3: “Using this Al platform is beneficial for my tasks.”
Perceived behavioral control (Ajzen, 2002) PBC1: “I have sufficient knowledge to use this Al platform.”
PBC2: “| feel that using this Al platform is under my control.”
PBC3: “| feel confident in my ability to use this Al platform effectively.”

Continuance intention (Al-Sharafi CI1: “I am likely to continue using this Al platform in the future.”
et al., 2023; Venkatesh et al., 2012) Cl2: “I intend to continue using this Al platform regularly.”
CI3: “I have a strong intention to keep using this Al platform over time.”
Loyalty (Oliver, 1999) L1: “This Al platform is my first choice among available tools.”

L2: “I feel emotionally attached to this Al platform.”

L3: “This Al platform means a lot to me.”

L4: “Using this Al platform matters to me.”

L5: “I would continue using this Al platform even if a comparable alternative
became available.”

Note: A5 was initially measured but was removed because of its very low outer loading. L1 and L5 were removed from the loyalty construct
during construct purification to reduce conceptual overlap with continuance intention and switching-resistance-oriented wording.

3.2. Measures

All focal constructs were operationalized using multi-item reflective scales adapted from established
measures in the information systems and consumer behavior literature. Item wording was revised to
reflect the use of generative Al in travel-planning contexts while preserving the original conceptual
meaning of each scale. All constructs were measured using a five-point Likert-type scale ranging from 1
(“strongly disagree”) to 5 (“strongly agree”).

The questionnaire was originally developed in English and subsequently translated into Turkish
using a double-blind back-translation procedure to ensure conceptual equivalence across the two lan-
guage versions (Brislin, 1986; Douglas & Craig, 2007). Throughout the survey, respondents evaluated
the items with reference to their use of generative Al for travel-planning purposes.

AT anxiety (A) was initially measured using five items adapted from Wang and Wang (2022) and
Appel et al. (2020), capturing affective responses such as apprehension, discomfort, and unease associ-
ated with interacting with AI systems.

Perceived risk (PR) was measured using five items adapted from Featherman and Pavlou (2003). The
items assess users’ perceptions of potential negative outcomes, with an emphasis on privacy and data-con-
trol concerns, together with general uncertainty and the possibility of harmful or misleading outputs.

Subjective norms (SN) were measured using three items adapted from Al-Emran et al. (2020), con-
sistent with TPB-based information systems research (Ajzen, 1991; Taylor & Todd, 1995). The scale
captures perceived social pressure from relevant others regarding the use of generative Al

Attitude (ATT) was measured using three items adapted from Davis (1989). The items reflect users’
overall evaluative orientation toward the use of generative AL
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Perceived behavioral control (PBC) was measured using three items adapted from Ajzen (2002). The
scale assesses perceived capability to use generative Al effectively, including confidence in managing
tasks and interpreting outputs.

Continuance intention (CI) was measured using three items adapted from Venkatesh et al. (2012)
and Al-Sharafi et al. (2023). The items capture users’ intention to continue using generative Al tools.

Loyalty (L) was initially measured using five items designed with reference to Oliver’s (1999) frame-
work and prior research on digital services (Cossio-Silva et al., 2016; Srinivasan et al., 2002). The initial
item set covered comparative choice, affective attachment, personal significance, and stated resistance
to a comparable alternative. Following the removal of L1 and L5 during construct purification, the
retained items (L2-L4) operationalize affective attachment and personal significance toward the focal
GenAl platform. They do not directly measure comparative preference, resistance to alternatives, cogni-
tive loyalty, or behavioral loyalty. The findings concerning loyalty should therefore be interpreted
within the narrower scope represented by these retained items.

Several control variables were included to account for individual-level variation in generative Al use
and post-adoption evaluation. Demographic controls included gender, age group, education level, and
occupational status, as these characteristics may be associated with technology adoption and post-adop-
tion responses. Two usage-related controls were also incorporated. Usage frequency was measured cat-
egorically to capture variation in the intensity of interaction with generative AI tools. Membership
status, distinguishing paid subscription from free access, was included to account for possible differen-
ces in access mode and financial commitment associated with post-adoption evaluation. Including these
controls allowed the focal structural associations to be estimated while accounting for these individual
differences. The full list of measurement items and their corresponding sources is reported in Table 2.

3.3. Common method bias

Common method bias (CMB) was assessed using both procedural and statistical safeguards, given the
cross-sectional and self-reported nature of the data (Podsakoff et al, 2012, 2024). Procedurally,
respondents were assured of anonymity, informed that there were no right or wrong answers, and pre-
sented with predictor and outcome measures in separate sections of the questionnaire to reduce evalu-
ation apprehension and response-pattern bias.

Statistically, Harman’s single-factor test showed that the first unrotated factor explained 44.04% of
the total variance, below the commonly used 50% benchmark (Harman, 1976). Because Harman’s test
is a limited diagnostic, full collinearity was also assessed following Kock’s (2015) approach. The result-
ing full-collinearity VIF values ranged from 1.022 to 2.688 and remained below the recommended
threshold of 3.3, providing no indication of severe collinearity-based common method concerns under
this diagnostic (Kock, 2015; Kock & Lynn, 2012).

Although these procedures reduce concerns regarding CMB, they cannot completely eliminate the
possibility of same-source effects. Because all constructs were measured using a single survey instru-
ment administered at one point in time, some degree of CMB may still be present and should therefore
be considered when interpreting the findings. Consequently, the relatively strong associations observed
among attitude, continuance intention, and loyalty should be interpreted with caution. Because no the-
oretically unrelated marker variable was incorporated during the questionnaire design stage, and
because the variance-based estimation approach used in the main analysis does not readily accommo-
date an unmeasured latent method factor, marker-variable and unmeasured latent method factor
approaches could not be implemented. Future research could strengthen the assessment of CMB by
incorporating an appropriate marker variable during questionnaire design.

4. Data analysis and results

The proposed model was estimated using PLS-SEM in SmartPLS 4.1.1.5 (Ringle et al., 2024). PLS-SEM
is appropriate for models that combine established theoretical constructs with context-specific antece-
dents and for research that emphasizes both predictive performance and theory-oriented model assess-
ment (Hair & Alamer, 2022; Sarstedt et al., 2017).
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Table 3. Measurement model.

Constructs/items FL o pA pC AVE VIF
Al anxiety (A) — 0.844 0.893 0.872 0.632 —
Al 0.927 — — — — 1.660
A2 0.771 — — — — 2.039
A3 0.726 — — — — 2.390
A4 0.740 — — — — 1.949
Attitude (ATT) — 0.853 0.856 0.911 0.773 —
ATT1 0.863 — — — — 2.001
ATT2 0.899 — — — — 2.294
ATT3 0.875 — — — — 2.074
Continuance intention (Cl) — 0.888 0.890 0.931 0.817 —
a 0.894 — — — — 2.525
Cl2 0.921 — — — — 2.969
Ci3 0.898 — — — — 2.405
Loyalty (L) — 0.841 0.848 0.903 0.757 —
L2 0.859 — — — — 1.742
L3 0.869 — — — — 2.203
L4 0.883 — — — — 2.225
Perceived behavioral control (PBC) — 0.864 0.872 0.917 0.786 —
PBC1 0.859 — — — — 2.090
PBC2 0.908 — — — — 2.663
PBC3 0.891 — — — — 2.164
Perceived risk (PR) — 0.883 0.906 0.912 0.677 —
PR1 0.843 — — — — 2.105
PR2 0.865 — — — — 2.628
PR3 0.881 — — — — 2.675
PR4 0.771 — — — — 2.158
PR5 0.745 — — — — 1.680
Subjective norms (SN) — 0.870 0.874 0.920 0.793 —
SN1 0.892 — — — — 2.253
SN2 0.893 — — — — 2.521
SN3 0.886 — — — — 2.180

Note: FL="factor loading; oo = Cronbach’s alpha; pA=rho_A; pC=rho_C; AVE =average variance extracted; VIF =variance inflation factor.
Construct-level reliability and convergent validity statistics are reported on construct rows, whereas factor loadings and indicator VIF values
are reported on indicator rows. Dashes indicate that the statistic is not applicable at that level of reporting. The table reports the retained
indicators used in the final measurement model.

Statistical inference was based on nonparametric bootstrapping with 10,000 resamples, using bias-
corrected and accelerated confidence intervals. The analysis proceeded in two stages: evaluation of the
measurement model, followed by estimation of the structural model. Predictive performance was subse-
quently assessed using cross-validated predictive ability testing (CVPAT) and PLSpredict (Sharma et al.,
2023; Shmueli et al., 2019).

4.1. Measurement model

The reflective measurement model was evaluated following the procedure recommended by Hair et al.
(2019), in terms of internal consistency, indicator reliability, convergent validity, and discriminant validity.

Table 3 reports indicator reliability, internal consistency, and convergent validity for the retained
measurement model. A5 was removed from the AI anxiety construct because its outer loading fell
below the recommended threshold. L1 and L5 were removed from the loyalty construct during con-
struct purification to improve discriminant validity, with L5 also displaying conceptual proximity to
continuance intention. Their removal restricted the retained loyalty construct to affective attachment
and personal significance, as represented by L2-L4. All retained indicator loadings exceeded 0.70, rang-
ing from 0.726 to 0.927, indicating adequate item reliability. Internal consistency was supported across
all constructs. Cronbach’s alpha values ranged from 0.841 to 0.888, rho_A (pA) values ranged from
0.848 to 0.906, and composite reliability (pC) values ranged from 0.872 to 0.931, all exceeding the rec-
ommended threshold of 0.70 (Hair & Alamer, 2022).

Convergent validity was supported, as average variance extracted (AVE) values ranged from 0.632 to
0.817, each above the recommended minimum of 0.50 (Fornell & Larcker, 1981). Indicator-level vari-
ance inflation factor (VIF) values ranged from 1.660 to 2.969, indicating no problematic collinearity.

Discriminant validity was evaluated using the Fornell-Larcker criterion and the heterotrait-mono-
trait ratio (HTMT). As reported in Table 4, the Fornell-Larcker criterion was satisfied because the
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Table 4. Discriminant validity (Fornell-Larcker criterion).

Construct 1 2 3 4 5 6 7
1. Al anxiety (A) 0.795 — — — — — —
2. Attitude (ATT) —0.156 0.879 — — — — —
3. Continuance intention (Cl) -0.167 0.756 0.904 — — — —
4. Loyalty (L) -0.114 0.696 0.734 0.870 — — —
5. Perceived behavioral control (PBC) —0.099 0.582 0.603 0.512 0.886 — —
6. Perceived risk (PR) 0.476 0.115 0.132 0.031 0.155 0.823 —
7. Subjective norms (SN) 0.005 0.484 0.475 0.547 0.330 0.040 0.890

Note: Diagonal elements represent the square root of the AVE for each construct.

Table 5. HTMT ratios and bootstrap confidence intervals.

Construct pair HTMT 95% CI

ATT - A 0.135 [0.088, 0.189]
c-A 0.140 [0.083, 0.208]
Cl - ATT 0.867 [0.825, 0.903]
L-A 0.100 [0.060, 0.158]
L - ATT 0.812 [0.766, 0.850]
L-d 0.840 [0.805, 0.870]
PBC - A 0.098 [0.043, 0.168]
PBC - ATT 0.675 [0.608, 0.733]
PBC - Cl 0.686 [0.624, 0.738]
PBC - L 0.592 [0.527, 0.650]
PR-A 0.555 [0.497, 0.608]
PR - ATT 0.123 [0.059, 0.206]
PR -Cl 0.136 [0.072, 0.216]
PR-L 0.065 [0.039, 0.080]
PR - PBC 0.166 [0.090, 0.246]
SN-A 0.044 [0.018, 0.061]
SN - ATT 0.559 [0.501, 0.612]
SN -l 0.536 [0.475, 0.592]
SN-L 0.640 [0.581, 0.695]
SN - PBC 0.379 [0.309, 0.447]
SN - PR 0.048 [0.021, 0.102]

Note: A=Al anxiety; ATT = attitude; Cl = continuance intention; L = loyalty; PBC = perceived behavioral control;
PR = perceived risk; SN = subjective norms. HTMT = heterotrait-monotrait ratio. Confidence intervals are based
on bootstrapping. Discriminant validity is supported when the HTMT confidence interval does not include 1.00.

square root of each construct’s AVE exceeded its correlations with all other constructs (Fornell &
Larcker, 1981). This evidence also supported the distinction between continuance intention and loyalty:
the square roots of AVE for continuance intention (0.904) and loyalty (0.870) were both higher than
their inter-construct correlation (0.734).

Table 5 presents the HTMT results and bootstrap confidence intervals. Most HTMT values fell below
the conservative 0.85 threshold, and every 95% confidence interval excluded 1.00 (Henseler et al., 2015).
Two post-adoption construct pairs warranted explicit attention. CI-ATT produced the highest HTMT
value (HTMT = 0.867, 95% CI [0.825, 0.903]), exceeding the conservative 0.85 cutoff. L-CI produced a
value close to this threshold (HTMT = 0.840, 95% CI [0.805, 0.870]). Because attitude, continuance inten-
tion, and loyalty are conceptually related post-adoption constructs, the 0.90 criterion recommended for
conceptually related constructs provides a relevant benchmark for these pairs (Henseler et al., 2015). Both
values remained below this threshold, and neither confidence interval included 1.00. As noted above, L1
and L5 were removed during scale purification in response to the conceptual and empirical overlap
between loyalty and continuance intention, with L5's wording (“I would continue using this Al platform
even if a comparable alternative became available”) closely resembling continuance intention. The retained
loyalty construct (L2-L4) therefore sharpens this distinction. Thus, discriminant validity was supported
while the empirical closeness among these post-adoption constructs was explicitly acknowledged.

4.2. Structural model and hypothesis testing

As reported in Table 6, the model explained 7.1% of the variance in attitude (R* = 0.071), 62.4% of the
variance in continuance intention (R*> = 0.624), and 55.2% of the variance in loyalty (R* = 0.552). The
relatively low explained variance in attitude indicates that AI anxiety and perceived risk account for
only a limited psychological-friction component of attitude formation.
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Table 6. Structural model results.

Hypothesized direct effects B t-value p-value 95% Cl LL-UL £ VIF Results
H1: A — ATT -0.274 11191 < .001 [-0.313, —0.214] 0.062 1.293 Supported
H2a/H2b: PR — ATT 0.242 6.103 < .001 [0.163, 0.311] 0.050 1.293 H2a not supported;

H2b supported

H3: ATT — Cl 0.557 16.493 < .001 [0.488, 0.619] 0.465 1.768 Supported

H4: SN — Cl 0.127 5373 < .001 [0.082, 0.175] 0.033 1.313 Supported

H5: PBC — CI 0.239 7.212 < .001 [0.174, 0.305] 0.099 1.518 Supported

H6: CI — L 0.667 29.764 < .001 [0.626, 0.713] 1.170 1.000 Supported
Control paths predicting loyalty

Gender — L 0.108 2.760 0.006 [0.030, 0.184] 0.006 1.037 Significant
Age group — L —0.020 0.914 0.361 [—0.064, 0.023] 0.001 1.354 Not significant
Education level — L 0.001 0.034 0.973 [—0.042, 0.044] 0.000 1.172 Not significant
Occupational status — L 0.016 0.795 0.427 [-0.023, 0.055] 0.000 1.236 Not significant
Usage frequency — L -0.109 4.455 < .001 [—0.158, —0.062] 0.017 1.583 Significant
Membership status — L —0.087 1.674 0.094 [-0.189, 0.015] 0.002 1.181 Not significant
Model fit summary SRMR = 0.045, d_ULS = 0.960, d_G = 0.449, NFI = 0.833

R? (L) = 0.552, R? (Cl) = 0.624, R? (ATT) = 0.071

Note: A=Al anxiety; ATT = attitude; PR = perceived risk; PBC = perceived behavioral control; SN = subjective norms; Cl = continuance inten-
tion; L = loyalty. The perceived risk — attitude path was specified as a pair of competing hypotheses.

Attitude was positively associated with continuance intention (ff=0.557, p <0.001, 95% CI [0.488,
0.619], £ = 0.465), supporting H3. Continuance intention was positively associated with loyalty
(B=0.667, p<0.001, 95% CI [0.626, 0.713], f* = 1.170), supporting H6. Both paths in the proposed
post-adoption sequence were therefore supported. Effect magnitudes (f*) are reported here and inter-
preted in relation to conventional benchmarks in the Discussion (Cohen, 2013; Hair & Alamer, 2022).

At the attitudinal stage, Al anxiety was negatively associated with attitude (f = —0.274, p < 0.001,
95% CI [—0.313, —0.214], f* = 0.062), supporting H1. The perceived risk-attitude path was specified as
a set of competing directional expectations. Perceived risk was positively associated with attitude
(B=0.242, p <0.001, 95% CI [0.163, 0.311], f* = 0.050). Thus, the positive direction specified by the
contextual salience expectation was supported (H2b), whereas the deterrence expectation was not sup-
ported (H2a). This result identifies the supported direction of the association but does not establish
contextual salience as the process underlying it. Given the low explained variance in attitude, these dir-
ect associations should be interpreted as statistically significant but substantively bounded components
of attitude formation rather than as a comprehensive explanation of users’ attitudes toward GenAl.
Subjective norms (ff=0.127, p <0.001, 95% CI [0.082, 0.175], 2 = 0.033) and perceived behavioral
control (f=0.239, p <0.001, 95% CI [0.174, 0.305], 2 = 0.099) were positively associated with continu-
ance intention, supporting H4 and H5. All inner VIF values remained below conservative thresholds,
providing no indication of problematic multicollinearity.

Global model fit indices are reported as supplementary descriptive information rather than as pri-
mary evidence of model adequacy, given the contested role of global fit measures in PLS-SEM. The
SRMR value was 0.045, below the commonly referenced 0.08 threshold, whereas NFI was 0.833 and
should therefore be interpreted cautiously. Additional fit-related indices are reported in Table 6 (d_ULS
= 0.960, d_G =0.449; Henseler et al., 2015). The primary evaluation of the model is therefore based on
measurement quality, structural paths, explanatory power, and predictive assessment.

Among the control variables included in the loyalty equation, education level was not significantly
associated with loyalty (f=0.001, p=0.973, 95% CI [-0.042, 0.044]). Age group (f = -0.020,
p=0.361), occupational status (f=0.016, p=0.427), and membership status (f = —0.087, p=0.094)
were also not significantly associated with loyalty. By contrast, gender (f=0.108, p=0.006, 95% CI
[0.030, 0.184]) and usage frequency (f = —0.109, p < 0.001, 95% CI [—0.158, —0.062]) showed statistic-
ally significant associations with loyalty.

4.3. Indirect effect analysis

Indirect associations were estimated to examine the pathways specified in the structural model (Hair
et al., 2017; Preacher & Hayes, 2008). Table 7 reports the estimated indirect and sequential effects.

The estimated indirect association between Al anxiety and continuance intention through attitude
was negative (f = —0.152, p<0.001, 95% CI [-0.183, —0.116]). The corresponding association for
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Table 7. Indirect effects.

Paths B t-value p-value 95% Cl LL-UL
A — ATT — —0.152 8.852 < .001 [-0.183, —0.116]
ATT - C — L 0.408 14.702 < .001 [0.353, 0.462]
PBC — C — L 0.174 7.161 < .001 [0.128, 0.224]
PR — ATT — Cl 0.136 5.942 < .001 [0.091, 0.178]
SN —-Cl — L 0.094 5.344 < .001 [0.059, 0.129]
A—ATT - C —L —0.111 8.342 < .001 [—-0.136, —0.084]
PR — ATT - Cl — L 0.100 5.800 < .001 [0.067, 0.131]

Note: A=Al anxiety; ATT = attitude; PR = perceived risk; PBC = perceived behavioral control; SN = subjective norms; Cl = continuance inten-
tion; L=loyalty. Confidence intervals are based on bootstrapping with 10,000 resamples. Given the cross-sectional design, indirect effects
are interpreted as model-consistent indirect associations rather than evidence of causal mediation.

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

Constructs PLS loss IA loss Average loss difference t-value p-value
PLS-SEM vs indicator average (IA)

Attitude (ATT) 0.759 0.798 —0.039 4185 < .001
Continuance intention (Cl) 0.670 0.945 —0.275 14.487 < .001
Loyalty (L) 0.799 0.969 —0.170 12.464 < .001
Overall 0.743 0.904 —0.161 13.416 < .001
PLS-SEM vs linear model (LM)

Attitude (ATT) 0.510 0.759 —0.249 10.522 < .001
Continuance intention (Cl) 0.569 0.670 —0.101 6.913 < .001
Loyalty (L) 0.653 0.799 —0.147 8.211 < .001
Overall 0.577 0.743 —0.166 10.739 < .001

Note: 1A =Indicator average; LM = Linear model; CVPAT with 10 folds and 10 repetitions.

perceived risk was positive (ff=0.136, p <0.001, 95% CI [0.091, 0.178]). This indirect association fol-
lows the same direction as the supported direct path (H2b). It does not, however, establish contextual
salience as the process underlying either association.

The estimated indirect associations with loyalty through continuance intention were positive for atti-
tude (f=0.408, p <0.001, 95% CI [0.353, 0.462]), perceived behavioral control (f=0.174, p <0.001,
95% CI [0.128, 0.224]), and subjective norms (ff =0.094, p < 0.001, 95% CI [0.059, 0.129]). The sequen-
tial indirect association between AI anxiety and loyalty through attitude and continuance intention was
negative (f = —0.111, p < 0.001, 95% CI [—0.136, —0.084]). The corresponding sequential indirect asso-
ciation for perceived risk was positive (f=0.100, p < 0.001, 95% CI [0.067, 0.131]). These estimates are
consistent with the pathways specified in the model, although the cross-sectional design does not per-
mit them to be interpreted as evidence of causal mediation.

4.4. Predictive model assessment

Explanatory and predictive performance are theoretically distinct properties of a structural model, and
conflating them risks overstating generalizability (Shmueli et al., 2016, 2019; Shmueli & Koppius, 2011).
Whereas R> values indicate in-sample explanatory power, out-of-sample predictive performance
requires separate assessment (Hair et al., 2019; Hair & Alamer, 2022). We therefore employed two com-
plementary procedures, CVPAT and PLSpredict, both using ten-fold cross-validation with ten repeti-
tions (Sharma et al, 2023; Shmueli et al, 2019). Both procedures benchmark model performance
against alternative specifications.

4.5. Cross-validated performance test (CVPAT)

The structural model was evaluated against the indicator average (IA) and linear model (LM) bench-
marks (Liengaard et al., 2021). As shown in Table 8, the PLS-SEM model outperformed the IA bench-
mark across all endogenous constructs (overall average loss difference =—0.161, t=13.416, p <0.001),
with the largest improvements observed for continuance intention (average loss difference =—0.275)
and loyalty (average loss difference =—0.170). Against the more demanding LM benchmark, the model
again outperformed the comparison specification across all constructs (overall average loss
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Table 9. Predictive relevance across indicators.

RMSE
Indicators szredict PLS-SEM LM Difference (PLS-LM)
ATT1 0.043 0.712 0.854 —0.161
ATT2 0.054 0.718 0.883 —0.165
ATT3 0.048 0.711 0.875 —-0.164
an 0.308 0.714 0.782 —0.068
Cl2 0.285 0.749 0.800 —0.051
Cl3 0.283 0.797 0.871 -0.074
L2 0.210 0.738 0.816 -0.078
L3 0.151 0.874 0.972 —0.098
L4 0.173 0.806 0.887 —0.081

Note: ATT =attitude; Cl=continuance intention; L=loyalty; LM =linear model; szredict:Stone—Geisser's predictive relevance statistic;
RMSE =root mean squared error. Predictive relevance for loyalty is reported only for the retained loyalty indicators used in the final meas-
urement model.

difference = —0.166, t =10.739, p < 0.001), indicating predictive value beyond both the indicator-average
and linear benchmarks (Sharma et al., 2023).

4.6. PLSpredict analysis

Item-level predictive performance was assessed following Shmueli et al. (2019), with Q’predict values
derived from holdout-sample cross-validation (Geisser, 1974; Stone, 1974). RMSE values were also
benchmarked against the linear model. As reported in Table 9, all Q*predict values were positive, indi-
cating predictive relevance across the nine retained endogenous indicators (Hair et al., 2019). Predictive
relevance was strongest for the continuance intention indicators (szredict = 0.283-0.308), followed by
the retained loyalty indicators L2-L4 (szredict = 0.151-0.210), whereas the attitude indicators showed
more modest values (szredict = 0.043-0.054). RMSE differences were negative across all nine retained
endogenous indicators, ranging from —0.051 to —0.165, indicating lower prediction errors for the PLS-
SEM model than for the linear benchmark at the indicator level. Both diagnostics therefore point to
out-of-sample predictive performance across the endogenous constructs and their retained indicators.

5. Discussion

Attitude showed the strongest association with continuance intention among the three TPB predictors.
Respondents’ overall evaluations of the focal platform were more strongly associated with continuance
intention than either perceived social pressure or perceived behavioral control. Using Cohen’s (2013)
benchmarks, the effects of Al anxiety ( = 0.062) and perceived risk (f = 0.050) on attitude, and of
subjective norms ( = 0.033) and perceived behavioral control (% = 0.099) on continuance intention,
are small. Although statistically significant, these effects are substantively modest within their respective
equations. Accordingly, the theoretical contribution of these relationships lies primarily in their direc-
tion and specification, particularly the positive perceived risk-attitude association, rather than in the
magnitude of their effects. Consistent with this modest effect magnitude, AI anxiety and perceived risk
explained 7.1% of the variance in attitude (R* = 0.071), indicating that the model captures a limited
psychological-friction component rather than providing a comprehensive account of attitude toward
GenAl. The present data cannot identify which omitted factors account for the remaining variance or
establish whether unmeasured positive determinants are more influential than the psychological fric-
tions examined here. Al anxiety and perceived risk should therefore be interpreted as accounting for a
bounded, domain-specific component of attitude within the extended TPB model.

Continuance intention was strongly associated with loyalty (f =0.667), consistent with the ordering
specified in the model. As Bhattacherjee (2001) argues, continuance intention captures the propensity
to keep using a system. However, that propensity does not, by itself, distinguish between users who
return out of genuine preference and those who return simply because no clearly superior alternative
has displaced the focal option. Conceptually, loyalty can encompass greater stability and relative prefer-
ence than continuance intention (Dick & Basu, 1994; Oliver, 1999). The retained loyalty construct,
however, is limited to affective attachment and personal significance and does not capture behavioral



INTERNATIONAL JOURNAL OF HUMAN-COMPUTER INTERACTION e 17

or cognitive forms of loyalty. Although prior loyalty research associates repeated choice with habit,
comparative preference, and resistance to switching (Jones et al., 2000; Limayem et al., 2007), these out-
comes were not measured in the present study. The observed coefficient therefore indicates covariance
between continuance intention and the retained form of loyalty, not a progression from continued use
to comparative preference or switching resistance. Given that both constructs were measured through
the same self-report survey at a single point in time, the magnitude of this association should also be
interpreted with caution because same-source measurement may have contributed to the observed
relationship.

AT anxiety was negatively associated with attitude (f = —0.274), in line with the model’s theoretical
expectation. This association is theoretically plausible in Al-assisted travel planning, where users evalu-
ate probabilistic and sometimes opaque outputs in decisions involving time, cost, and experience
(Burrell, 2016; Glikson & Woolley, 2020; Weidinger et al., 2022). Prior research similarly associates Al
anxiety with less favorable responses, lower acceptance, reduced willingness to engage, and discontinu-
ance-oriented responses across Al-adoption and GenAl contexts (Cengiz & Peker, 2025; Wang &
Wang, 2022; Zhang & Tong, 2025). The present result extends this evidence to users’ attitudes toward
a focal GenAl platform.

The perceived-risk finding warrants particular theoretical attention. Because the perceived risk-atti-
tude path was specified as a set of competing directional expectations, the positive direction of the asso-
ciation (ff=0.242) supports the contextual salience expectation (H2b) rather than the deterrence
expectation (H2a). Classic consumer-risk research conceptualizes perceived risk as an appraisal of
uncertainty and possible adverse consequences and associates it with information search and more
extensive evaluation (Bauer, 1967; Mitchell, 1999). Privacy-calculus research similarly examines privacy
concerns alongside other considerations associated with willingness to transact online (Dinev & Hart,
2006). More broadly, research on algorithm aversion and algorithm appreciation shows that evaluative
responses to algorithmic systems vary across tasks, users, and decision contexts rather than following a
uniformly negative pattern (Castelo et al., 2019; Dietvorst et al., 2015; Logg et al., 2019). This pattern is
particularly relevant in Al-assisted travel planning, where inaccurate, incomplete, or misleading outputs
may carry financial, temporal, and experiential consequences. Perceived risk and attitude nevertheless
represent different evaluations: perceived risk concerns possible adverse outcomes, whereas attitude
reflects the user’s overall evaluation of using the platform.

The positive coefficient therefore indicates that higher self-reported perceived risk covaried with
more favorable attitudes in this sample; it does not show that perceived risk improved attitude or that
contextual salience produced the association. One possible account is that the subjective salience of Al-
assisted travel planning varies across users, such that recognition of the measured risks may coexist
with favorable attitudes based on other considerations. Because subjective contextual salience was not
measured, this account cannot be identified as the process underlying the association. The model also
contains no measures of perceived benefit, usefulness, perceived competence, objective risk knowledge,
or risk calibration. Limited risk awareness does not straightforwardly explain the positive covariance
because lower awareness would ordinarily be reflected in lower perceived-risk scores. Nevertheless,
objective risk knowledge was not assessed, and the active-user screening criteria neither demonstrate
risk literacy nor exclude early-adopter characteristics. Perceived competence also remains a directionally
indeterminate omitted variable, and its role cannot be established from the present data.

5.1. Theoretical implications

The findings offer three major theoretical implications for post-adoption research in GenAl. First, they
qualify the conventional deterrence treatment of perceived risk in e-service adoption research, where
perceived risk is generally associated with less favorable adoption-related evaluations and intentions
(Featherman & Pavlou, 2003; Kim et al., 2008; Pavlou & Fygenson, 2006). Recent studies of Al-related
worries likewise document concerns and uncertainty surrounding Al use, although they do not test the
perceived risk-attitude relationship examined here (Ayed et al., 2025; Ayed et al., 2025; Batran et al,
2025). By specifying deterrence and contextual salience as competing directional expectations, the pre-
sent study shows that the observed positive association is consistent with the direction specified by the
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contextual salience expectation rather than the deterrence expectation. It does not establish contextual
salience or any other unmeasured process as the explanation for that association. The theoretical impli-
cation is therefore not that perceived risk should be reclassified as a uniformly positive antecedent of
attitude, but that uniformly negative specifications may not describe every GenAl use setting. This
result motivates future research that directly measures and tests the roles of contextual salience, per-
ceived benefit, usefulness, competence, objective risk knowledge, experience, and switching conditions
in the risk-attitude relationship.

Second, the findings refine the post-adoption application of TPB. The framework has been applied
extensively to adoption and continuance intention, and its core constructs remain relevant in the pre-
sent context. The model extends this structure by incorporating Al anxiety and perceived risk as dis-
tinct antecedents of attitude and by examining loyalty as a post-adoption construct associated with
continuance intention. For technologies characterized by opacity, probabilistic outputs, and evaluative
uncertainty, this extension identifies a limited psychological-friction component that is not represented
explicitly in the standard TPB specification (Ajzen, 2020; Conner & Armitage, 1998). The contrasting
associations of AI anxiety and perceived risk with attitude further show why these affective and cogni-
tive constructs should not be treated as interchangeable. At the same time, their small effect sizes and
the low explained variance in attitude limit any claim that they provide a comprehensive extension of
attitude formation in GenAl contexts.

Finally, the findings reinforce the need to distinguish continuance intention from loyalty as a con-
ceptually broader post-adoption construct. Conceptually, loyalty may encompass affective and preferen-
tial commitment (Dick & Basu, 1994; Oliver, 1999). Operationally, however, the final construct
examined here captures emotional attachment and personal significance toward the focal platform and
does not measure comparative preference, resistance to switching, habitual re-engagement, or observed
platform choice. The measurement and discriminant-validity results indicate that this retained form of
loyalty is empirically distinguishable from continuance intention. The strong cross-sectional association
between the constructs does not demonstrate that continuance intention develops into loyalty over
time. The contribution therefore lies in extending the post-adoption model beyond continuance inten-
tion while maintaining a bounded interpretation of the specific form of loyalty measured in the study.

5.2. Practical implications

The findings suggest that providers should look beyond adoption and usage counts to users’” evaluations
of focal GenAl services. Because attitude had the strongest association with continuance intention
among the TPB predictors, design and service practices that support informed and favorable evalua-
tions warrant consideration. Possible measures include structured onboarding, guided first-use sce-
narios, explicit expectation-setting, output transparency, and clear error communication. The present
study did not test these interventions, and their effects on attitude, continuance intention, and loyalty
should therefore be evaluated directly before they are treated as effective retention strategies.

The negative association between AI anxiety and attitude suggests a possible role for support
practices that help users manage uncertainty during interaction. Potential measures include realistic
explanations of GenAr’s capabilities and limitations, guided prompting support, and accessible output-
verification procedures. Interface features such as prompt templates, feedback mechanisms, and
verification checklists may also help users interpret outputs, but the present data do not show that these
interventions reduce anxiety or improve evaluations. Their effectiveness should therefore be examined
through experimental or longitudinal evaluation rather than inferred from the observed association. In
organizational and educational settings, responsible-use guidance and competence-building initiatives
may serve as useful safeguards while their effects on evaluative and post-adoption outcomes are tested.

The positive perceived risk-attitude association should not be interpreted as a reason to increase
users’ perceptions of risk. It indicates that users reporting greater privacy-, data-control-, uncertainty-,
and output-related concerns also reported more favorable attitudes in this sample. From a responsible-
design perspective, providers should communicate system uncertainty, data practices, and output limita-
tions clearly rather than obscure them. Practices such as source attribution, uncertainty signaling, and
accessible explanations of data use may support informed assessment, but the present study does not
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show that such practices improve attitude, calibrate risk perceptions, or increase loyalty. These out-
comes require direct evaluation.

The control-variable results should be treated as auxiliary rather than as focal theoretical findings.
The model did not detect a statistically significant association between membership status and the
measured form of loyalty. One tentative interpretation is that paying for access may reflect functional
or task-specific reasons for using a GenAlI service without necessarily implying stronger affective attach-
ment or personal significance toward the platform. In a setting where users can access free tiers and
potentially use multiple platforms with overlapping functionality, subscription status alone may there-
fore be an imperfect indicator of the form of loyalty examined here. Explanations involving free-tier
availability, functional similarity across platforms, or task-driven subscription decisions were not tested
in the present study and should therefore be examined directly before this interpretation can be sub-
stantiated. The significant control paths involving gender and usage frequency should likewise be
treated as indications warranting further investigation rather than as a basis for subgroup or retention
strategies. Research designed specifically to examine user heterogeneity could determine whether and
why these associations recur across samples and service settings.

5.3. Limitations and future research

Several limitations should be considered when interpreting these findings, and each points toward a
productive research direction. The cross-sectional design measures loyalty and its hypothesized antece-
dents at a single point in time and therefore cannot establish the ordering specified in the model.
Loyalty is often conceptualized as developing through repeated evaluative episodes over time; a cross-
sectional design therefore provides a static snapshot of a process that may unfold dynamically
(Rindfleisch et al., 2008). Longitudinal designs that track the same users across multiple time points
would allow possible progression through Oliver’s (1999) loyalty stages, including the action stage not
measured here, to be examined more directly rather than inferred from cross-sectional associations.
Such designs would also clarify whether the prominence of attitude documented here persists as users
accumulate experience or attenuates as normative consensus around GenAl use stabilizes. The model
also explained only a modest share of the variance in attitude, indicating that AI anxiety and perceived
risk capture the psychological-friction component of attitude formation rather than its full set of ante-
cedents. Subsequent studies should incorporate additional attitude-related predictors, such as perceived
usefulness, trust, output quality, enjoyment, Al literacy, prior experience, and expectation confirmation.

The sample is confined to Generation Z users in Turkey, a theoretically motivated choice that none-
theless limits generalizability in ways that matter for the study’s most consequential finding. The posi-
tive perceived risk-attitude relationship documented here supports the contextual salience expectation
rather than the deterrence expectation, but the present design cannot explain why this pattern emerges
in this GenAl use context. One plausible explanation is that this sample combines relatively high famil-
iarity with digital technologies with low switching barriers across alternative platforms (Burnham et al.,
2003; Pavlou et al., 2007). Because perceived benefit, user experience, perceived competence, risk cali-
bration, and switching cost were not directly measured, these factors should be treated as candidate
boundary conditions rather than confirmed explanatory factors. Where perceived benefit is lower,
experience is more limited, or switching costs are higher, the standard negative risk-attitude relation-
ship may reassert itself. An important next step is therefore to test these conditions explicitly and
examine whether the contextual salience expectation generalizes to older cohorts, lower-familiarity pop-
ulations, or higher-stakes deployment contexts. Such research would clarify when perceived risk func-
tions as a deterrent and when it operates as a salience-related evaluative signal that coexists with
favorable evaluation.

The final loyalty construct captures affective attachment and the personal significance of the focal
GenAl platform. It does not directly measure comparative preference, resistance to alternative plat-
forms, cognitive loyalty, behavioral loyalty, habitual re-engagement, or observed platform choice. The
findings should therefore not be generalized to these unmeasured forms of loyalty. Future research
could combine affective indicators with measures of comparative preference and resistance to alterna-
tives, as well as behavioral indicators such as return frequency, platform exclusivity, and observed
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platform choice. Longitudinal and behavioral data would also help determine whether affective attach-
ment and personal significance are reflected in subsequent platform choices over time.

A final limitation concerns CMB. Although procedural remedies and statistical diagnostics were
used to mitigate concerns about CMB, the data were collected via a single self-report survey at a
single time point. Same-source bias therefore cannot be fully ruled out, particularly when interpret-
ing the strong associations among attitude, continuance intention, and loyalty. The cross-sectional
design and self-reported nature of the data mean that causal inferences should not be drawn. In
particular, the observed strong path coefficients, especially between continuance intention and loy-
alty, could be inflated by CMB. Future studies should use multi-source, longitudinal, or experimen-
tal designs to separate predictor and outcome measurement, validate self-reported loyalty against
behavioral data, and provide stronger evidence regarding the ordering specified in the post-adoption
model.

6. Conclusion

Loyalty to generative Al does not automatically follow from access, novelty, or even repeated use. The
cross-sectional findings show that attitude was positively associated with continuance intention, which
was in turn positively associated with the retained loyalty construct, capturing affective attachment and
personal significance. This pattern is consistent with the hypothesized associations among attitude, con-
tinuance intention, and loyalty but does not establish their temporal ordering.

AT anxiety was negatively associated with attitude and had a negative sequential indirect association
with loyalty through attitude and continuance intention. Perceived risk, contrary to the deterrence
expectation, was positively associated with attitude and had a positive sequential indirect association
through the same constructs. The positive perceived risk**—**attitude coefficient supports the direction
specified by the contextual salience expectation but does not identify contextual salience or another
unmeasured factor as the process underlying the association. Both AI anxiety and perceived risk had
small effects on attitude, and together they explained only a limited share of its variance.

The contribution of the study therefore lies in distinguishing continuance intention from affective
attachment and personal significance, specifying competing directional expectations for perceived risk,
and documenting the contrasting associations of AI anxiety and perceived risk with attitude.
Longitudinal, multi-source, and behavioral designs are needed to test temporal ordering, examine the
unmeasured explanations for the perceived-risk result, and determine whether the measured form of
loyalty is reflected in subsequent platform choice.
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