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Generative Artificial Intelligence (GenAl) is transforming digital marketing
personalization from conventional retrieval- and recommendation-based ap-
proaches toward hyper-personalization characterized by real-time adaptivity,
generative content synthesis, multimodality, and contextual relevance. How-
ever, the mechanisms linking GenAl-powered hyper-personalization to Con-
sumer Decision Making (CDM) remain theoretically fragmented, particu-
larly regarding perceived personalization, trust in Al, and privacy concern.
This study develops a conceptual framework explaining how GenAl-powered
hyper-personalization influences CDM through sequential psychological mech-
anisms and under privacy-related boundary conditions. Grounded primar-
ily in the Stimulus-Organism-Response (S-O-R) paradigm and complemented
by the Technology Acceptance Model and Privacy Calculus Theory, the study
synthesizes literature from 2021 to 2026 and develops six research proposi-
tions. Empirical validation is proposed using PLS-SEM and a between-subjects
scenario experiment comparing GenAl-generated and conventional algorith-
mic personalization. The framework conceptualizes GenAl-powered hyper-
personalization as the stimulus, perceived personalization and trust in Al as
sequential organismic mechanisms, privacy concern as a boundary condition,
and CDM as the response. The study contributes by distinguishing generative
hyper-personalization from conventional personalization, specifying a sequen-
tial perceived-personalization and trust mechanism, and incorporating privacy
concern as a dual boundary condition. The framework also provides implica-
tions for technology innovation management, digital transformation, responsible
Al governance, transparency, privacy protection, and consumer relationships.
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1. INTRODUCTION

Digital marketing ecosystems are undergoing a structural transformation through the increasing Adop-
tion of Generative GenAl. Unlike conventional marketing technologies that primarily select or retrieve prede-
fined content, GenAl can generate marketing content, dynamically adapt messages, and support individualized
interactions across multiple digital touchpoints [1, 2]. In this study, GenAl-powered hyper-personalization
refers to the use of generative Al to produce real-time, multimodal, and contextually adapted marketing con-
tent and interactions at the individual level. Although Al-enabled personalization can improve relevance and
engagement, excessive or insufficiently transparent personalization may also raise concerns about privacy, in-
trusiveness, authenticity, and trust [3-5].

This study focuses on the consumer-level mechanism through which GenAl-powered hyper-personaliz-
ation may influence CDM. The proposed framework suggests a sequential relationship in which GenAl-powered
hyper-personalization increases perceived personalization, which contributes to trust in Al, and subsequently
influences CDM. Privacy concern is positioned as a boundary condition that may attenuate these relation-
ships. The framework also adopts the digital marketing ecosystem as its contextual setting, recognizing that
consumers increasingly encounter cumulative personalization across e-commerce, social commerce, conver-
sational commerce, and mobile applications [6]. Therefore, organizations need to coordinate Al capabilities,
personalization, data governance, transparency, consumer control, and trust across interconnected digital chan-
nels [7].

Four research gaps motivate the proposed framework. First, a conceptual distinction gap exists be-
tween conventional algorithmic personalization and GenAl-powered personalization, which the framework ad-
dresses through four characteristics: real-time adaptivity, generative content synthesis, multimodality, and con-
textual relevance [8]. Second, a mechanism gap concerns how personalization capability is translated into con-
sumer decision outcomes via sequential conversion. Third, a boundary-condition gap models privacy concern
as a dual moderator. Fourth, a methodological distinction gap addresses how consumers respond differently to
generative versus conventional personalization through scenario-based experimentation alongside PLS-SEM.
Based on these gaps, the study addresses four research questions (RQ1-RQ4) regarding how GenAl influences
decisions, the role of trust mediation, privacy moderation, and experimental distinction.

Accordingly, this paper aims to conceptualize GenAl hyper-personalization, develop an integrated be-
havioral framework, specify privacy boundaries, formulate propositions, and propose a mixed-method design
[9]. The novelty lies in its mechanism and boundary-condition architecture specifically developed for gener-
ative personalization within digital marketing ecosystems. By treating generative personalization as a distinct
stimulus and mapping its sequential path under privacy constraints, this framework provides conceptual and
methodological contributions to guide responsible digital transformation through transparency, privacy protec-
tion, and sustainable consumer trust [10].

2. LITERATURE REVIEW
2.1. Stimulus-Organism-Response and Supporting Theoretical Perspectives

The proposed framework is primarily grounded in the (S-O-R) paradigm and supported by the Tech-
nology Acceptance Model (TAM), Privacy Calculus Theory, and the Consumer Decision-Making Process [11].
Each perspective serves a specific conceptual role. The S-O-R paradigm provides the overall theoretical ar-
chitecture; TAM supports the explanation of consumers’ evaluations of Al-enabled personalization; Privacy
Calculus Theory explains the tension between personalization benefits and perceived privacy costs; and the
Consumer Decision-Making Process provides the behavioral context for the proposed outcomes [12].

Within the proposed model, GenAl-powered hyper-personalization represents the Stimulus, while per-
ceived personalization and trust in Al represent the Organism. Consumer decision-making outcomes represent
the Response [13]. Privacy concern functions as a boundary condition that may alter the strength of the pro-
posed relationships. TAM provides supporting logic for understanding how perceived relevance and interaction
quality may shape consumer evaluations of Al-enabled experiences, whereas Privacy Calculus Theory explains
why consumers may respond differently to similar levels of personalization depending on their perceptions of
privacy costs. CDM is represented by purchase intention, decision satisfaction, and post-purchase behavioral
intention [14]. This theoretical configuration integrates technological characteristics, consumer psychological
evaluations, and behavioral responses within a single conceptual structure. It further clarifies how perceived
personalization and trust in Al operate as sequential mechanisms between the technological stimulus and con-
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sumer decision-making outcomes. Accordingly, the framework provides a basis for examining how the benefits
of Al-enabled personalization may interact with privacy-related concerns in shaping consumer responses.

STIMULUS ORGANISM RESPONSE

GenAl-Powered Consumer Cognitive- Consumer Decision
Hyper-Personalization Affective State Making
e Real-time adaptivity — ® Perceived personalization — f=p| e Purchase intention
o Generative synthesis e Trust in Al ® Decision satisfaction
e Multimodality (Privacy concern: o Post-purchase
e Contextual relevance boundary condition) behavioral intention
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[} 1
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Figure 1. (S-O-R) overview of the proposed theoretical architecture, integrating TAM, Privacy Calculus
Theory, and the classical consumer decision-making process

The theoretical contribution does not arise from simply combining established theories. Instead, as
illustrated in Figure 1, these perspectives are integrated to explain how the generative characteristics of hyper-
personalization may influence CDM through perceived personalization and trust under varying privacy con-
ditions [15]. This integration highlights the sequential psychological mechanism through which consumers
may interpret personalized Al experiences before forming trust and responding to decision-making outcomes.
It also positions privacy concern as a boundary condition that may shape the strength of these relationships
within the digital marketing ecosystem.

2.2. GenAl-Powered Hyper-Personalization Conceptualization

This paper conceptualizes GenAl-powered hyper-personalization as a multidimensional marketing ca-
pability through which generative Al dynamically produces or adapts content, recommendations, and interac-
tions for individual consumers using behavioral, contextual, and multimodal information. Unlike conventional
algorithmic personalization, which primarily selects, ranks, or retrieves existing content, GenAl can generate
new textual, visual, conversational, and multimodal content according to changing consumer contexts [16].
The construct consists of four dimensions:

» Real-Time Adaptivity — the ability to modify content or recommendations as new behavioral or contex-
tual signals become available.

* Generative Content Synthesis — the production of new marketing messages, recommendations, explana-
tions, or creative content.

e Multimodality — the integration of text, images, voice, and conversational interaction.

» Contextual Relevance — the extent to which generated content corresponds to consumers’ needs, prefer-
ences, situations, and decision contexts.

These dimensions distinguish GenAl-powered hyper-personalization from conventional personaliza-
tion, which is primarily based on recommendation accuracy or content matching [17]. Accordingly, the con-
tribution is not the introduction of personalization as a new construct, but the specification of GenAl-powered
hyper-personalization as a distinct stimulus characterized by generation, real-time adaptation, multimodality,
and contextual relevance [18]. This distinction emphasizes the generative capability of GenAl to create in-
dividualized content and interactions rather than merely select or retrieve existing content. It also provides a
clearer basis for examining how these characteristics may shape perceived personalization and subsequently
contribute to trust in Al In this framework, the distinctive technological characteristics of GenAl-powered
hyper-personalization therefore serve as the foundation for explaining consumer responses within the proposed
digital marketing ecosystem.
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Table 1. Constructs and Conceptual Operationalization

Construct Working Definition Role in Framework Measurement Orientation
GenAl- Generative Al produces real- Stimulus Reflective higher-order
Powered time, multimodal, and contex- construct
Hyper- tually adapted marketing con-
Personalization  tent and interactions for indi-
vidual consumers.
Perceived Per- Consumer perception that con-  Organism Reflective
sonalization tent is tailored to individual
needs, preferences, and context.
Trust in AL Willingness to rely on Al-  Organism / Mediator Reflective
generated ~ recommendations
based on perceived compe-
tence, reliability, transparency,
and integrity.
Privacy Con- Concern regarding the collec- Boundary Condition / Reflective
cern tion, use, monitoring, and po- Moderator
tential misuse of personal data.
CDM Consumer responses resulting  Response Reflective multidimen-

from evaluation and choice pro- sional outcome
cesses in digital purchasing

contexts.

Table 1 outlines the working definitions, theoretical roles, and measurement orientations for each con-
struct within the proposed framework. Specifically, it delineates the sequential transition from the technological
stimulus to the cognitive and affective organismic states, accounting for privacy boundaries that condition con-
sumer decision-making responses in digital marketing ecosystems.

2.3. CDM in the GenAl Era

Al-enabled personalization may influence consumer responses through perceived relevance, useful-
ness, trust, engagement, and purchase intention [19]. However, personalization does not necessarily produce
uniform responses because consumers may evaluate both its potential benefits and associated privacy risks.
In GenAl environments, this distinction becomes particularly relevant because Al can generate individualized
recommendations, explanations, and content during the interaction itself [20]. Research comparing generative
recommendations with conventional Al recommenders further suggests that generative systems may influence
consumer consideration and choice differently.

Accordingly, this study does not assume that greater personalization automatically produces better
consumer decisions. Instead, it proposes that consumers first evaluate whether an Al-generated experience
is genuinely personalized. This perception may contribute to trust, which subsequently facilitates decision-
making outcomes. Privacy concern is incorporated as a boundary condition because perceived personalization
benefits may coexist with perceived costs associated with data use, monitoring, and surveillance [21].

24. Trustin Al as a Mediating Mechanism

Trust represents the principal psychological mechanism connecting Al-enabled personalization with
consumer behavioral responses [22]. Recent research indicates that trust can mediate relationships between
GenAl-generated communication and purchase-related intentions, while personalization may influence trust
through perceptions of relevance and usefulness.

Accordingly, the proposed mechanism is:

* GenAl-Powered Hyper-Personalization
* Perceived Personalization
e Trustin Al

« CDM
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Trust is positioned as a mediator because it reflects consumers’ willingness to rely on Al-generated
recommendations when uncertainty remains regarding their quality, reliability, and potential consequences
[23]. Thus, trust is not treated merely as another positive perception but as the mechanism through which
personalization may be translated into consumer decision outcomes.

2.5. Privacy Concern as a Boundary Condition

The relationship between personalization and consumer responses is constrained by the personal-
ization—privacy tension [24]. Consumers may value highly relevant recommendations while simultaneously
becoming concerned about the amount and use of personal information required to generate them. This is-
sue is particularly relevant to GenAl-powered hyper-personalization because generative systems may combine
information from multiple interaction points to produce highly individualized outputs [25].

The proposed framework therefore treats privacy concern as a boundary condition rather than as an in-
dependent competing explanation [26]. Higher privacy concern is expected to weaken the relationship between
hyper-personalization and trust in Al and to attenuate the direct relationship between hyper-personalization
and CDM [27]. Consistent with Privacy Calculus Theory, consumers are expected to evaluate the benefits of
personalization together with perceived privacy costs.

2.6. Analytical Synthesis and Research Gap

Existing literature establishes the importance of Al personalization, trust, privacy, and consumer be-
havior; however, these elements remain conceptually fragmented [28]. Previous studies generally examine
personalization as a broad technological capability, trust as a predictor or mediator, and privacy as an inde-
pendent concern. Research comparing GenAl with conventional recommendation systems also suggests that
generative mechanisms warrant separate examination [29].

The unresolved issues can be summarized into four gaps:

Table 2. Research Gaps and Proposed Advancements

Gap Unresolved Issue Proposed Advancement

Generative Distinction  GenAl’s generative characteristics are  Defines hyper-personalization through

Gap not consistently modeled as a distinct real-time adaptivity, generative content
stimulus. synthesis, multimodality, and contex-

tual relevance.
Mechanism Gap The sequential process connecting per- Proposes the sequence: hyper-

sonalization to consumer decisions re- personalization — perceived per-

mains insufficiently specified.

sonalization — trust — CDM.

Boundary-Condition
Gap

Privacy concern is often treated as an
independent predictor rather than as a
boundary condition.

Models privacy concern as a mod-
erator of the relationships involving
hyper-personalization, trust, and deci-
sion making.

Methodological ~ Dis-

tinction Gap

Cross-sectional studies cannot clearly
isolate the distinctive contribution of
GenAl-generated personalization.

Proposes a scenario-based experiment
comparing GenAl-generated and con-
ventional algorithmic personalization,
complemented by PLS-SEM.

The proposed contribution is therefore not the invention of the individual constructs or theories sum-
marized in Table 2. Instead, it lies in specifying their operational relationships around a GenAl-specific stimulus
and developing a future empirical strategy capable of distinguishing generative personalization from conven-
tional personalization [30].

2.7. Conceptual Model

The proposed conceptual model follows the S-O-R architecture. GenAl-powered hyper-personalization
constitutes the Stimulus and is represented by real-time adaptivity, generative content synthesis, multimodality,
and contextual relevance [31]. Perceived personalization and trust in Al constitute the Organism and represent
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the sequential psychological mechanism through which consumers may evaluate and respond to personalized
Al experiences [32]. Privacy concern functions as a boundary condition that may weaken the proposed relation-
ships. CDM represents the Response and is operationalized through purchase intention, decision satisfaction,
and post-purchase behavioral intention.

Al literacy and product category involvement are retained as potential variables for future empirical
extensions and are therefore excluded from the core conceptual model [33].

GenAlI-Powered

Consumer

Hyper-Personalization Decision Making
Perceived s
-ti ivil B pu Purchase intention;
Real time adapllvl?y, Personalization Trust in AI urchase intentio
genemtivelsyrithesis,- - - o decision satisfaction;
mhiltimodititys & = || o e smmeiEe A lle R B S r e e post-purchase
contextual relevance A‘ % behavior

-
-

“a

r
i

: P4: Trust in AI i Hyper-F ization — C Decision Making |
J

Legend:

Direct path (P1-P3)

— = = — Mediation path (P4)

Privacy Concern
----- Moderation path (P5-P6)

Figure 2. Proposed research model showing direct paths (P1-P3), the mediating path (P4), and the moderating
paths (P5-P6).

Figure 2 illustrates the structural architecture of the proposed research model, delineating the interre-
lationships among the theoretical constructs. The diagram highlights the sequential conversion process from
GenAl-powered hyper-personalization to consumer decision-making via perceived personalization and trust in
Al (P1-P4), while depicting the dual moderating influence of privacy concern (P5-P6) that attenuates these
relationships. The model positions GenAl-powered hyper-personalization as the primary stimulus that initiates
the consumer response process within the digital marketing ecosystem. Perceived personalization represents
the consumer’s cognitive evaluation of whether the generated content or recommendation is relevant to their
individual preferences and circumstances. This perception is subsequently expected to strengthen trust in Al,
which functions as an important psychological mechanism linking personalized interactions with consumer
decision-making. The sequential relationship therefore emphasizes that personalization alone does not directly
determine consumer responses, but may operate through consumers’ perceptions and trust toward Al-based in-
teractions. Privacy concern is incorporated as a boundary condition to recognize that consumers may respond
differently to personalized experiences depending on their concerns regarding data collection, processing, and
use. Accordingly, the proposed model integrates personalization effectiveness with responsible data consider-

ations to provide a more comprehensive explanation of consumer decision-making in GenAl-enabled digital
marketing environments.

2.8. Research Propositions

This research framework formulates six core propositions explaining how Generative Al (GenAl)
hyper-personaliza- tion influences consumer decision-making [34]. First (P1), GenAl-powered hyper-personali-
zation is positively associated with perceived personalization, as the integration of its four dimensions real-time
adaptivity, generative content synthesis, multimodality, and contextual relevance strengthens consumers’ per-
ception that marketing content is uniquely tailored to their needs and situation [35].

Subsequently (P2), perceived personalization is positively associated with trust in Al, because rel-
evant and tailored experiences reduce uncertainty, thereby increasing consumers’ willingness to rely on the
system [36]. This trust then directly drives behavior (P3), where trust in Al is positively associated with CDM
outcomes by easing evaluation processes and fostering purchase intention, decision satisfaction, and post pur-
chase behavioral intentions [37]. Integrating these paths yields a sequential mediation pathway (P4), wherein
perceived personalization and trust in Al sequentially mediate the relationship between GenAl hyper person-
alization and CDM outcomes, confirming that personalization does not directly dictate decisions but operates
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through a step-by-step psychological conversion mechanism [38]. Conversely, privacy concern functions as a
boundary condition that negatively moderates these relationships. Under the fifth proposition (P5), privacy con-
cern negatively moderates the positive relationship between GenAl-powered hyper-personalization and trust in
Al as heightened anxiety over data collection and potential misuse triggers a privacy calculus that suppresses
trust formation [39]. Finally (P6), privacy concern negatively moderates the direct relationship between GenAl
hyper-personalization and consumer decision-making outcomes, indicating that when personalization is per-
ceived as overly intrusive or insufficiently controlled, consumer responses deteriorate despite the content’s
contextual relevance.

Table 3. Proposed Research Propositions

Proposition Proposed Relationship Expected Direction
P1 GenAl-powered hyper-personalization — Perceived 4
personalization
P2 Perceived personalization — Trust in Al +
P3 Trust in Al - CDM +
P4 GenAl-powered hyper-personalization — Perceived 4 indirect

personalization — Trust in Al — CDM

P5 Privacy concern X  GenAl-powered hyper- — attenuation
personalization — Trust in Al

P6 Privacy concern X  GenAl-powered  hyper- — attenuation
personalization — CDM

Table 3 synthesizes the core research propositions and their expected directional effects within the
conceptual framework. The structural model delineates a positive sequential mechanism from GenAl-powered
hyper-personalization to consumer decision-making through perceived personalization and trust in Al (P1-P4),
while accounting for the attenuating influence of privacy concern as a critical boundary condition (P5-P6).

2.9. Conceptual Contribution

The framework makes three principal conceptual advances. First, it distinguishes GenAl-powered
hyper-personalization from conventional algorithmic personalization through its generative, adaptive, multi-
modal, and contextual characteristics. Second, it specifies a sequential psychological mechanism in which
perceived personalization precedes trust, while trust connects personalization with CDM [40]. Third, it incor-
porates privacy concern as a boundary condition, recognizing that the potential benefits of personalization may
depend on consumers’ evaluation of associated privacy costs.

Overall, the framework provides a theoretical explanation of why, through what mechanism, and under
what privacy conditions GenAl-powered hyper-personalization may influence CDM [41]. The proposed com-
bination of PLS-SEM and scenario-based experimentation provides a future methodological basis for testing
the framework and distinguishing GenAl-generated personalization from conventional algorithmic personal-
ization.

3. RESEARCH METHODOLOGY
3.1. Research Design

A sequential mixed-method design is proposed, consisting of (a) an online survey analyzed using
Partial Least Squares Structural Equation Modeling (PLS-SEM) and (b) a between-subjects scenario-based
experiment [42]. The survey is designed to examine the proposed relationships among GenAl-powered hyper-
personalization, perceived personalization, trust in Al, privacy concern, and consumer decision-making out-
comes. PLS-SEM is appropriate for assessing latent constructs and examining the proposed mediation and
moderation relationships [43].

The experiment is designed to compare GenAl-generated personalization with conventional non-
generative algorithmic personalization. Participants will be randomly assigned to one of two conditions using
comparable products, consumer information, recommendation objectives, and information quantity [44]. The
proposed experiment is intended to provide additional evidence regarding differences in perceived personaliza-
tion, trust in Al, and consumer decision-making outcomes between the two conditions. Because the experiment

APTISI Transactions on Management (ATM), Vol. 10, No. 3, September 2026: 414427



APTISI Transactions on Management (ATM) ] 421

has not yet been conducted, no causal effects are claimed in the present study [45].

3.2. Population, Sample, and Sampling Technique

The target population comprises digital consumers who have interacted with Al-based personalization
features within the previous three months [46]. Purposive non-probability sampling is proposed, with screening
questions used to confirm participants’ relevant experience with Al-enabled personalization.

The proposed survey sample is 200-300 respondents, while the experimental sample is 120-200 par-
ticipants, approximately equally divided between the two conditions [47]. Final sample sizes should be deter-
mined through an a priori power analysis based on the anticipated effect size, & = .05, and statistical power =
.80. These figures represent planning targets rather than achieved sample sizes [48].

3.3. Measurement

Validated multi-item measurement scales should be adapted to the GenAI-powered hyper-personalizat-
ion context using a 7-point Likert scale [49]. GenAl-powered hyper-personalization consists of four dimen-
sions: real-time adaptivity, generative content synthesis, multimodality, and contextual relevance. Perceived
personalization measures the extent to which consumers perceive content as tailored to their needs and situ-
ations, while trust in Al captures perceptions of reliability, competence, transparency, and integrity. Privacy
concern addresses concerns regarding the collection, use, monitoring, and potential misuse of personal infor-
mation. CDM is represented by purchase intention and decision satisfaction.

The measurement instrument should undergo expert review and a pilot test involving approximately
30 respondents before the main survey. Measurement quality should subsequently be assessed using indica-
tor reliability, average variance extracted (AVE), heterotrait-monotrait ratio (HTMT), Cronbach’s alpha, and
composite reliability.

Table 4. Proposed Measurement Structure

Construct Indicative Scale Orientation Adapted From
Items
GenAl- 12-16 7-point Likert ~ Multidimensional; [2, 8]
Powered four dimensions
Hyper-
Personalization
Perceived 34 7-point Likert ~ Reflective [3]
Personaliza-
tion
Trust in Al 4-5 7-point Likert  Reflective [50]
Privacy Con- 4-5 7-point Likert ~ Reflective [51]; recent Al-privacy mea-
cern sures
Purchase 34 7-point Likert ~ Reflective [52]
Intention
Decision Sat- 3-4 7-point Likert ~ Reflective Established consumer
isfaction decision-making measures

Table 4 summarizes the proposed measurement specifications, indicating the distribution of items,
measurement scales, theoretical orientations, and foundational literature sources for each construct. By adapt-
ing validated items onto a 7-point Likert scale, this measurement framework establishes a robust foundation
for evaluating both reflective first-order constructs and the multidimensional higher-order structure of GenAl-
powered hyper-personalization in empirical evaluations. The proposed measurement structure ensures that each
construct is represented by indicators that correspond to its conceptual definition and theoretical role within the
framework. For GenAl-powered hyper-personalization, the four dimensions provide a comprehensive repre-
sentation of its real-time, generative, multimodal, and contextual characteristics. The reflective constructs are
designed to capture consumers’ perceptions of personalization, trust, privacy concern, and decision-related re-
sponses consistently across the proposed empirical setting. Before the main data collection, the measurement
items should be reviewed for conceptual clarity and contextual relevance and subsequently assessed through
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a pilot test. The resulting measurement model can then be evaluated for reliability, convergent validity, and
discriminant validity before testing the structural relationships proposed in the framework.

3.4. Data Collection

Data collection is proposed through an online questionnaire distributed through e-commerce plat-
forms, social-commerce channels, and relevant online consumer communities. Screening questions will be
used to confirm participants’ recent exposure to Al-enabled personalization. For the experimental component,
participants will be randomly assigned to either a GenAl-generated personalized content condition or a conven-
tional algorithmic recommendation condition. Comparable products and consumer profiles will be used across
conditions to maintain consistency in the experimental stimuli. Following stimulus exposure, participants will
evaluate perceived personalization, trust in Al, and consumer decision-making outcomes.

A manipulation check will assess whether participants recognize the distinction between the gener-
ative and conventional personalization conditions [53]. Predetermined attention and comprehension criteria
should be established before the analysis is conducted.

3.5. Data Analysis Technique

Survey data should be analyzed using PLS-SEM, such as SmartPLS. The measurement model will
assess indicator reliability, average variance extracted (AVE), heterotrait-monotrait ratio (HTMT), Cronbach’s
alpha, and composite reliability. The structural model will evaluate path coefficients, R?, effect sizes, confidence
intervals, and bootstrapping based on approximately 5,000 resamples.

Mediation analysis will examine the proposed sequential pathway from GenAl-Powered Hyper-Person-
alization to Perceived Personalization, followed by Trust in Al and ultimately Consumer Decision-Making
(CDM). This analysis corresponds to P4 and is intended to assess the proposed sequential mediating mecha-
nism linking hyper-personalization to consumer decision-making outcomes. Moderation analysis will examine
whether Privacy Concern attenuates the relationship between GenAl-Powered Hyper-Personalization and Trust
in Al (P5), as well as the direct relationship between GenAl-Powered Hyper-Personalization and Consumer
Decision-Making outcomes (P6).

Experimental data should be analyzed using ANOVA or ANCOVA, depending on the final experi-
mental design and covariate requirements. Differences between the GenAl-generated and conventional algo-
rithmic conditions will be examined for perceived personalization, trust in Al, and consumer decision-making
outcomes. Effect sizes and confidence intervals should also be reported where appropriate. All procedures
described in this section represent proposed analyses and should not be interpreted as empirical findings.

4. RESULTS AND DISCUSSION
4.1. Conceptual Results of GenAI-Powered Hyper-Personalization
The conceptual analysis identifies GenAl-powered hyper-personalization as distinct from conventional
algorithmic personalization because of its ability to dynamically generate individualized content and interac-
tions from behavioral and contextual signals. The proposed stimulus consists of four dimensions: real-time
adaptivity, generative content synthesis, multimodality, and contextual relevance. These characteristics are the-
oretically expected to strengthen perceived personalization, corresponding to P1. However, the framework does
not assume that GenAl-powered personalization is inherently more effective than conventional personalization.
The distinction is particularly relevant because conventional algorithmic personalization primarily
selects, ranks, or retrieves existing content, whereas GenAl can generate new content and interactions according
to changing consumer contexts. Therefore, the proposed framework treats the generative capability itself as an
important characteristic of the stimulus rather than simply extending conventional personalization models.

4.2. Sequential Mechanism from Perceived Personalization to CDM

The framework proposes a sequential mechanism in which GenAl-powered hyper-personalization
influences perceived personalization, perceived personalization contributes to trust in Al, and trust subsequently
influences consumer decision-making outcomes. P1, P2, and P3 represent the individual relationships within
this mechanism, while P4 integrates them into the proposed sequential mediation pathway:

GenAl-Powered Hyper-Personalization — Perceived Personalization — Trust in Al — CDM This
mechanism suggests that the potential influence of GenAl-powered hyper-personalization is not conceptualized
as a direct technological effect alone. Instead, the framework emphasizes the psychological process through
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which consumers interpret personalized Al experiences and develop willingness to rely on Al-generated rec-
ommendations. Trust therefore functions as the proximate mechanism connecting perceived personalization
with consumer decision-making outcomes.

Table 5. Proposed Conceptual Relationships and Expected Results

Proposition Conceptual Relationship Expected Relationship

P1 GenAl-powered hyper-personalization —  Positive
Perceived personalization

P2 Perceived personalization — Trust in AL Positive

P3 Trust in Al - CDM Positive

P4 GenAl-powered hyper-personalization —  Positive indirect relationship
Perceived personalization — Trustin Al —
CDM

P5 Privacy concern x Hyper-personalization —Negative attenuation
— Trust in Al

P6 Privacy concern x Hyper-personalization Negative attenuation
— CDM

Table 5 summarizes the expected conceptual relationships and directional outcomes corresponding to
the formulated propositions. It highlights the positive direct and indirect structural pathways connecting GenAl
hyper-personalization to consumer decision-making (P1-P4), while specifying the negative attenuating effects
imposed by privacy concern as a moderating boundary condition (P5-P6).

4.3. Privacy Concern as a Boundary Condition

Privacy concern represents an important boundary condition within the proposed framework because
GenAl-powered hyper-personalization may rely on behavioral, contextual, and cross-channel information. P5
proposes that higher privacy concern may weaken the relationship between hyper-personalization and trust
in Al, while P6 proposes a similar attenuation of the direct relationship between hyper-personalization and
consumer decision-making outcomes.

This relationship reflects the personalization—privacy tension. Consumers may perceive highly rele-
vant recommendations as useful while simultaneously perceiving the underlying data practices as intrusive or
insufficiently controlled. Accordingly, the potential benefits of personalization may depend on how consumers
evaluate the privacy costs associated with data collection and use. Effective implementation should therefore
incorporate transparent data practices, meaningful consumer control, and clear communication regarding Al-
generated personalization.

4.4. Implications for Digital Transformation and Responsible AT Management

The proposed framework suggests that organizations should evaluate GenAl-powered hyper-personali-
zation beyond conversion rates and recommendation performance. Consumer trust, perceived personalization,
privacy concern, transparency, and consumer control should also be incorporated into the evaluation of Al-
enabled marketing initiatives.

GenAl can integrate customer information, content generation, recommendations, conversational in-
terfaces, and multiple digital channels, thereby supporting more interconnected digital customer experiences.
However, greater integration of consumer data also increases the importance of governance mechanisms. Or-
ganizations should therefore prioritize Al transparency, privacy-aware personalization, meaningful consumer
control, and trust-oriented performance evaluation when implementing GenAl-powered personalization.

From a technology innovation management perspective, the framework indicates that successful digi-
tal transformation involves more than adopting advanced Al capabilities. Organizations also need to align tech-
nological innovation with consumer-facing governance mechanisms. Such alignment may help organizations
capture the potential value of hyper-personalization while addressing concerns related to privacy, transparency,
and consumer autonomy.
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5. MANAGERIAL IMPLICATIONS

For digital marketing practitioners, the proposed framework indicates that GenAl-powered hyper-
personalization should be implemented as an organizational capability that integrates Al governance, trans-
parency, privacy protection, personalization strategy, and trust-building mechanisms. Technological sophistica-
tion alone may not produce favorable CDM unless it is supported by appropriate psychological and governance
mechanisms. From a technology innovation management and digital transformation perspective, organiza-
tions should provide transparent information about data collection, processing, and Al-generated recommen-
dations while giving consumers meaningful control over personalization settings. Explainability should also
be incorporated into personalized marketing systems to help consumers understand the rationale underlying
Al-generated content and recommendations, thereby supporting the trust-formation mechanism proposed in
P2.

Privacy and consent mechanisms should be embedded directly into the personalization experience
rather than treated solely as compliance-oriented disclosures. This approach enables consumers to evaluate the
perceived benefits and privacy costs of personalized interactions, consistent with the boundary conditions pro-
posed in P5 and P6. Because privacy concern may vary across consumer segments, organizations should adopt
adaptive personalization strategies that account for differences in consumer perceptions and responses rather
than applying uniform personalization intensity to all users. Furthermore, because trust represents a proposed
mechanism connecting GenAl-powered hyper-personalization with CDM in P3 and P4, managers should eval-
uate personalization strategies using broader indicators that include trust, transparency, privacy perceptions,
consumer control, and responsible Al governance alongside conventional measures such as engagement, con-
version, and recommendation performance.

An integrated management approach can therefore support digital transformation and technological
innovation while maintaining responsible data practices, consumer autonomy, and sustainable long-term digi-
tal customer relationships. The proposed framework provides managers with a basis for aligning GenAl per-
sonalization capabilities with consumer-oriented governance rather than treating personalization solely as a
technological or performance-optimization function.

6. CONCLUSION

Generative Al is reshaping digital marketing personalization from conventional retrieval- and recom-
mendation-based approaches toward more generative, adaptive, multimodal, and context-sensitive interactions.
This paper develops a conceptual framework that positions GenAl-powered hyper-personalization as a distinct
technological stimulus within the Stimulus-Organism-Response perspective and explains its proposed rela-
tionship with CDM through a sequential mechanism involving perceived personalization and trust in Al. The
framework also incorporates privacy concern as a boundary condition that may influence the relationships be-
tween hyper-personalization, trust, and consumer decision-making outcomes. Accordingly, the paper extends
the emerging literature on GenAl personalization by integrating the technological characteristics of genera-
tive personalization with consumer psychological mechanisms and privacy-related conditions within a unified
conceptual framework.

From a technology innovation management and digital transformation perspective, the framework em-
phasizes that the organizational value of GenAl-powered hyper-personalization depends not only on content-
generation and personalization capabilities but also on how organizations manage trust, transparency, privacy,
and consumer control. The framework provides a basis for integrating responsible Al governance into person-
alization strategies through transparent data practices, explainable Al-generated recommendations, meaningful
consent, and consumer control mechanisms. These elements are relevant to sustainable digital management
because long-term value creation from Al-enabled personalization requires a balance between technological
innovation, customer relevance, responsible data use, and consumer autonomy. In this context, the framework
contributes conceptually to digital transformation and sustainable management objectives related to SDG 8,
SDG 9, and SDG 12.

As a conceptual study, the conclusions presented in this paper are theoretically derived and do not
constitute empirical confirmation of the six proposed propositions. Future research should therefore imple-
ment the proposed sequential mixed-method methodology by testing the relationships through PLS-SEM and
examining the distinction between GenAl-generated and conventional algorithmic personalization through con-
trolled experimental scenarios. Subsequent research may extend the framework using longitudinal and cross-
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cultural designs and examine additional boundary conditions, including Al literacy, product involvement, and
regulatory context. Future empirical studies should also investigate potential adverse consequences of hyper-
personalization, such as decision fatigue, perceived manipulation, privacy discomfort, and reduced consumer
autonomy. Such validation can clarify the conditions under which GenAl-powered hyper-personalization may
contribute to effective, trustworthy, and responsible CDM across evolving digital marketing ecosystems.
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