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Abstract

In the era of Artificial Intelligence-Generated Content (AIGC) transforming advertising
production, existing research lacks comprehensive exploration of how AIGC advertise-
ments shape consumer responses. This study integrates attention allocation theory and the
Elaboration Likelihood Model (ELM) to investigate dual cognitive processing mechanisms
of relevant and divergent AI advertisements via eye-tracking experiments and question-
naires. Findings reveal that relevant AI advertisements enhance perceived usefulness (PU)
through product area attention allocation, improving purchase intention; Divergent AI ad-
vertisements boost perceived entertainment (PE) via non-product creative cues, positively
influencing ad attitudes; and product involvement (PI) moderates these paths as high PI
strengthens PU’s role in central processing, while low PI amplifies PE’s effect in peripheral
processing. By constructing a dual-path cognitive model, this research bridges gaps in
understanding AI advertising’s implicit attention mechanisms and explicit perceptual
outcomes. The findings provide theoretical guidance for advertisers to optimize AIGC
strategies, balancing technological utility and creative appeal to achieve precise attention
guidance and enhance smart marketing effectiveness.

Keywords: AIGC advertising; consumer response; elaboration likelihood model; eye
tracking; perceived entertainment; perceived usefulness

1. Introduction
The advent of Artificial Intelligence-Generated Content (AIGC) is profoundly reshap-

ing the strategic and creative landscape of the advertising industry. Leveraging technologies
such as natural language processing and deep learning, AIGC enables the automated pro-
duction of highly customized and novel advertising content at an unprecedented scale
and efficiency [1]. This technological shift promises to enhance marketing effectiveness
but also introduces a critical challenge for both theorists and practitioners: understand-
ing the nuanced cognitive mechanisms through which AIGC advertisements influence
consumer responses.

Existing research reveals a paradoxical consumer response to AIGC ads. On one hand,
divergent and highly creative AI ads can enhance perceptions of intelligence and accep-
tance [2]. On the other hand, AI’s involvement in social and emotional advertisements may
hinder the formation of emotional connections, thereby reducing their effectiveness [3,4].
This contradiction is further compounded by broader concerns regarding AIGC, including
ethical issues like privacy and algorithmic bias [3], and consumer experiences such as a
loss of control over AI decisions that can negatively impact brand evaluation [5]. This
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collective evidence underscores a significant theoretical gap: the current literature lacks a
clear understanding of the dynamic balance between the technological characteristics of
AIGC and its creative appeal in guiding consumer cognition.

Two primary theoretical pain points persist. First, the applicability of established
creative advertising frameworks to the unique context of AIGC remains unclear. There is
a notable lack of a systematic typology for AI-generated ads and an exploration of their
distinct perceptual pathways. Second, the investigation of cognitive processing mechanisms
for AI ads has predominantly relied on subjective self-report measures, lacking robust
empirical support from objective, physiological data that can reveal underlying processes
such as attention allocation—a critical precursor to perceived value formation.

To address these gaps, this study proposes a dual-path cognitive framework grounded
in attention allocation theory and the Elaboration Likelihood Model (ELM). We classify
AIGC advertisements into two fundamental types based on established creative dimen-
sions [6,7]: divergent (novelty-focused) and relevant (utility-focused). Our core proposition
is that these ad types engage distinct cognitive routes: relevant AIGC ads guide attention
towards product areas, activating the central processing route and enhancing perceived
usefulness (PU), which in turn drives purchase intention. Conversely, divergent AIGC
ads direct attention to non-product creative elements, triggering the peripheral route and
elevating perceived entertainment (PE), thereby shaping positive advertising attitudes.

Furthermore, we identify product involvement (PI) as a key boundary condition
that moderates these pathways. Drawing on the ELM, we posit that high PI strengthens
the central route, amplifying the role of PU, while low PI enhances the peripheral route,
increasing the impact of PE.

To empirically test this framework, we employ a multi-method approach combining
eye-tracking technology with questionnaire surveys. Eye-tracking allows us to move
beyond subjective claims by quantifying visual attention distributions (via fixation time,
count, and ratio) between product and non-product Areas of Interest (AOIs). This objective
data is then integrated with psychometric measures to test the proposed mediating roles of
PU and PE and the moderating role of PI.

In summary, this research makes several key contributions. It bridges a critical theoret-
ical gap by unraveling the implicit attention mechanisms and explicit perceptual outcomes
of AIGC advertising. It provides a validated dual-path cognitive model that clarifies how
different AI ad types shape consumer responses through distinct routes. Finally, it offers
actionable insights for advertisers to optimize AIGC strategies by strategically balancing
technological utility with creative appeal, enabling precise attention guidance and enhanced
smart marketing effectiveness.

2. Literature Review
2.1. AIGC Advertising and Creative Advertising

Creative advertising, characterized by novelty, applicability, and visual impact [6],
is structured around two core dimensions: divergence and relevance. This classification
aligns with the Elaboration Likelihood Model (ELM) [8], where relevant advertisements
correspond to the central route—primarily focused on utility-based processing—and diver-
gent advertisements align with the peripheral route, which emphasizes emotion-focused
processing. The application of Artificial Intelligence-Generated Content (AIGC) in advertis-
ing has further expanded the conceptual scope of these two dimensions. Jiang (2024) [9]
observed that generative AI, including tools such as ChatGPT 4.0, enhances advertising in-
teractivity through personalized content generation, real-time responsiveness to consumer
demands, and innovative interactive formats, thereby strengthening the linkage between
divergence/relevance and consumer perception [10].
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Divergence, a foundational attribute of creative advertising [7], emphasizes novel
and unexpected elements that transcend conventional boundaries [11]. It leverages he-
donic appeal and creative surprise to shape consumer attitudes, as divergent content
captures attention through imagination and originality rather than through product-
centric information.

In contrast, relevance centers on establishing meaningful connections with con-
sumers [7] and resonates with Ducoffe’s [12] concept of “advertising value”—defined
as a consumer’s subjective assessment of an advertisement’s utility. It fosters contextual
and brand-related linkages, underscores product practicality, and prioritizes functional
utility to drive behavioral outcomes, thereby reflecting the core logic of the central route in
the ELM.

Although divergence and relevance are well-established in creative advertising re-
search [7,11], few empirical studies have applied this framework to AIGC advertising [13].
Nevertheless, recent research has begun to systematically examine how the technological
attributes of AIGC shape consumer cognition. For instance, Campbell et al. (2022) [14]
proposed a framework for understanding consumer responses to AI-generated and AI-
manipulated advertisements, highlighting how the disclosure of AI authorship influences
perceived authenticity and persuasion [2]. Similarly, Chen et al. (2024) [4] demonstrated
that the type of appeal (utilitarian vs. emotional) and the perceived social role of AI
interact to shape consumer attitudes, underscoring the nuanced influence of AI-specific
characteristics on advertising effectiveness.

AIGC technology distinctively facilitates both dimensions: it generates divergent
content by algorithmically combining novel visual or textual elements, and it produces
relevant content by extracting a product’s core selling points through big data analysis [13].
This capability is further corroborated by Kirk & Givi (2025) [15], who identified an “AI-
authorship effect” wherein consumer awareness of AI generation can trigger authenticity
concerns and moral disgust, thereby negatively affecting advertisement evaluations—
unless mitigated by high content quality or strong brand trust.

2.2. Attention Allocation and Consumer Response

Understanding consumers’ visual attention to advertisements is essential for predict-
ing behavioral outcomes [16]. Kahneman’s limited-capacity attention theory [17]—which
posits that human cognitive resources are finite and are selectively allocated according
to internal goals—provides a theoretical foundation for distinguishing between “product
attention” and “non-product attention”, two constructs that correspond closely to the dual
processing routes of the ELM [18].

2.2.1. Product Attention

Product attention refers to the allocation of cognitive resources toward advertising
elements such as product appearance, functions, and brand logos [19]. Driven by goal-
oriented motives, this attentional allocation adheres to the “resource prioritization principle”
of limited-capacity theory and serves as a physiological indicator of central route activation
within the ELM [18,20], reflecting a systematic evaluation of product attributes.

Empirical evidence supports this view: Armel et al. [13] confirmed that prolonged
fixation on product-related areas enhances the processing of core information and in-
creases the likelihood of purchase, thereby positioning product attention as a “cognitive
bridge” between advertising exposure and purchase intention. Furthermore, Yin et al. [21]
demonstrated that AI-powered personalized recommendations guide consumers to allocate
limited attentional resources to product areas through precise matching of consumer needs
with content, thereby enhancing both the intensity and stability of product attention. This
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aligns with the central route of the ELM, wherein high-involvement processing depends on
the analysis of product attributes facilitated by product attention [20].

2.2.2. Non-Product Attention

Non-product attention involves the allocation of cognitive resources to elements
such as compositional layout, background, and creative designs in an advertisement [19].
Grounded in hedonic processing theory [22], non-product attention elicits emotional arousal
by focusing on non-product cues—such as vibrant colors or novel layouts—shifting focus
from utilitarian product evaluation to hedonic experience, consistent with the peripheral
route of the ELM [18].

This form of attention interacts with the mere exposure effect [23]: repeated exposure
to non-product elements, facilitated by sustained non-product attention, reduces cognitive
uncertainty, increases familiarity, and reinforces emotional preferences. Moreover, non-
product attention typically involves a lower cognitive load; in the absence of in-depth
product analysis, emotional responses to non-product cues are amplified, thereby enhancing
positive advertising attitudes [22]. Recent eye-tracking studies on AIGC advertisements
confirm that divergent content is particularly effective in activating this mechanism. Gu et al.
(2024) [24] found that the novel aesthetic elements in AI-generated divergent ads effectively
capture and sustain non-product attention, leading to higher perceived entertainment
and more favorable ad attitudes through peripheral processing. In the context of AIGC
advertisements, divergent content thus more readily engages this mechanism, as its non-
product creative elements drive peripheral processing [18], shaping advertising attitudes
primarily through hedonic appeal rather than through detailed product evaluation.

However, it is important to note that the persuasive advantages of personalized
AIGC advertising may also entail potential risks. A simulation study by El and Zou
(2025) [25] found that when large language models (LLMs) are optimized for competitive
success—such as maximizing advertising engagement—they may learn deceptive behav-
iors, sacrificing truthfulness for persuasiveness, a phenomenon termed “Moloch’s Bargain”.
This poses a significant challenge to the authenticity of non-product cues in divergent
AIGC advertisements.

In summary, classical research links fixation on product-related areas to purchase
intention [13] and non-product attention to peripheral processing [18], reflecting a dynamic
consumer choice between utility-focused (central) and emotion-driven (peripheral) pro-
cessing. For AIGC advertisements, this framework elucidates how divergent or relevant
designs differentially guide attention allocation, thereby shaping purchase intention via
the central route and advertising attitudes through the peripheral route.

2.3. Consumer Response

Consumer response is a core indicator for measuring advertising effectiveness, and
this study mainly focuses on consumers’ purchase intention and advertising attitude.

Purchase intention refers to the subjective likelihood of consumers purchasing a
specific product [26], with its theoretical foundations in the Theory of Planned Behavior
(TPB) [27]. The TPB posits that factors such as attitude and subjective norms influence
behavioral intention through cognitive evaluation. In the context of AIGC advertisements,
this logic is specifically manifested as follows: relevant AIGC advertisements, by focusing
more on product selling points, can guide consumers to allocate more product attention,
deepen product information processing, thereby enhancing perceived usefulness, and
ultimately positively influencing purchase intention. Empirical research presented in [28]
also shows that there is a significant positive correlation between visual attention invest-
ment in product areas and choice probability. Extending this to the AIGC context, Shi



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 339 5 of 44

et al. (2025) [29] identified that the perceived intelligence and creativity of AI-generated
products are key drivers of purchase intention, operating through a central route of cog-
nitive evaluation. Additionally, studies on technology-driven advertisements affecting
purchase intention, such as live-stream shopping visibility and perceived presence of VR
advertisements [30,31], also provide collateral evidence for this logic.

Advertising attitude refers to consumers’ positive or negative feelings and evalua-
tions toward an advertisement [32], with its core theoretical anchor in the Elaboration
Likelihood Model (ELM) [18]. This model indicates that in low-involvement situations,
consumers rely on the peripheral route, where non-product attention captures creative
cues (e.g., novel designs of divergent advertisements) and forms temporary advertising
attitudes based on perceived entertainment. However, recent findings complicate this
relationship for AIGC ads. Kim et al. (2024) [33] demonstrated that anthropomorphic AI
agents in personalized ads can trigger the “uncanny valley effect,” negatively impacting ad
attitudes, especially when the AI’s human-likeness is perceived as incongruent or excessive.
Furthermore, the “human-likeness” feature of AIGC advertisements [34] also affects adver-
tising attitude—moderate anthropomorphism can improve consumers’ acceptance, while
excessive anthropomorphism may trigger the “uncanny valley effect” [33]. Therefore, this
study fully considers the impact of this factor on advertising attitudes in the subsequent
design of experimental materials.

Transparency about the use of AI has also become a significant factor influencing
consumer response. Salih et al. (2025) [35] found that the effect of AI disclosure on
consumers’ advertising avoidance intention is not singular but depends on the matching
effect between the type of disclosure and the advertising appeal. Meanwhile, Qiu et al.
(2025) [36] discovered that while AIGC ad disclosure does not directly lead to ambivalent
attitudes, consumers who do experience such ambivalence perceive lower credibility in
both the ad message and its source, ultimately negatively affecting brand attitude. This
underscores the importance of carefully implementing transparency in AIGC ads.

2.4. Mediating Effects of Perceived Usefulness and Perceived Entertainment

Perceived value—a multidimensional construct capturing the consumer’s assessment
of the benefits received relative to the costs incurred—demonstrates superior predictive
power for consumer behavior compared to unidimensional models [17,37]. Within the
context of AIGC advertisements, which are inherently characterized by dual attributes
of practicality and creativity [28,38], this study focuses on two core dimensions: per-
ceived usefulness (PU) and perceived entertainment (PE). Both dimensions function as
critical mediators linking attention allocation to subsequent consumer responses, with
their roles explicitly mapped onto the dual processing routes of the Elaboration Likelihood
Model (ELM).

Perceived usefulness refers to the degree to which consumers believe an advertisement
provides valuable, desired information [39]. Rooted in the Technology Acceptance Model
(TAM), it serves as the primary mediator for the central route in the ELM framework.
AIGC advertisements that effectively guide product attention enhance the efficiency of
acquiring core product information (e.g., functionalities, pricing), thereby elevating PU [40].
As delineated by the ELM [18], heightened PU reduces perceived decision-making costs
and directly fosters purchase intention, establishing the theoretical pathway: AIGC Ad-
vertisements → Product Attention → Perceived Usefulness → Purchase Intention. This
pathway is reinforced in the AIGC context by Zhang et al. (2024) [41], who demonstrated
that the informational utility and decision-making aid provided by AI chatbots signifi-
cantly enhance PU, which in turn acts as a primary driver of consumer acceptance and
behavioral intention.
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Perceived entertainment describes the extent to which consumers find an advertise-
ment intrinsically interesting, enjoyable, or pleasurable [42]. Derived from motivation
theory (focusing on intrinsic motivation) and hedonic processing theory [22], it functions
as the key mediator for the ELM’s peripheral route. Divergent AIGC advertisements
leverage non-product creative cues to trigger emotional arousal; sustained non-product
attention subsequently amplifies this hedonic experience, thereby boosting PE [43]. Xu [43]
empirically confirmed that PE directly enhances advertising attitudes and promotes the
secondary sharing of advertisements, forming the causal sequence: AIGC Advertisements
→ Non-product Attention → Perceived Entertainment → Advertising Attitude. The critical
importance of PE for AIGC advertisements is further emphasized by Luo et al. (2023) [44],
whose research on AI-generated voiceovers in short videos identified perceived entertain-
ment as a decisive factor for consumer engagement in digital content, often surpassing the
influence of pure utility in low-involvement contexts.

Recent research provides converging evidence for the roles of these mediators within
AIGC advertising. Matz et al. (2024) demonstrated that advertisements personalized by
generative AI based on psychological profiles were significantly more persuasive than
generic ads, partly because the personalized content simultaneously enhanced the adver-
tisement’s perceived relevance (aligning with PU) and its intrinsic appeal (aligning with
PE) [45].

It is noteworthy that AIGC advertisements inherently possess dual-value properties,
concurrently offering utility and fostering creativity [46,47]. However, this duality does not
blur the theoretical boundaries of the ELM’s two routes. Instead, a clear functional domi-
nance is observed: PU primarily governs the central route’s effect on purchase intention,
whereas PE predominantly drives the peripheral route’s effect on advertising attitude. This
distinction maintains the model’s theoretical clarity while accounting for the multifaceted
nature of AIGC advertising stimuli.

2.5. Moderating Effects of Product Involvement

Product involvement (PI) refers to the extent to which consumers perceive a product
to be relevant to their needs, values, and interests [48]. It systematically moderates the
effects of AIGC advertisements by regulating the processing routes outlined in the Elab-
oration Likelihood Model (ELM) [18,49]. The assessment of PI is increasingly enhanced
by IoT devices, which integrate real-time physiological and behavioral data [50], thereby
overcoming limitations inherent in traditional self-report measures while affirming PI’s
fundamental role in processing route selection.

According to the ELM [18], high PI heightens motivation for central route processing:
consumers perceive greater decision-making risks, invest more time and effort in prod-
uct evaluation, and prioritize the analysis of product-related attributes. Behe et al. [20]
employed controlled eye-tracking experiments to confirm that consumers exhibit longer
total fixation durations when viewing high-involvement products, underscoring the role
of PI in guiding attentional resources. Zhou and Jin [51] further demonstrated that as PI
increases, participants acquire significantly more advertising information and engage in
more elaborate processing of product information. In the context of AIGC advertisements,
high PI strengthens the mediating role of perceived usefulness (PU)—representing the
central route—by intensifying utility-focused evaluation.

In contrast, low PI promotes peripheral route processing: consumers face lower
perceived decision-making risks, demonstrate reduced willingness to engage in detailed
product evaluation, and rely more heavily on peripheral cues such as creative and aesthetic
elements [52]. This shift diminishes focus on product utility and heightens sensitivity to
hedonic features, thereby amplifying the mediating role of perceived entertainment (PE)
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along the peripheral route. Zhao et al. [53] further illustrated that for low-involvement
products, the processing of advertisements prioritizes peripheral cues over product-related
information, aligning with the predictions of the ELM.

The moderating role of PI in the AIGC era is further nuanced by emerging con-
sumer concerns. Park (2024) [54] characterized generative AI as a “double-edged sword,”
noting that for high-involvement products, ethical concerns—such as those regarding
data privacy and algorithmic bias, often heightened in AI contexts—may intensify under
high PI and potentially undermine the positive effects of central route processing if not
adequately addressed.

Moreover, the moderating role of product involvement may exhibit new characteristics
in light of AIGC’s advanced personalization capabilities. Ismajli (2025) [55] suggested
that generative AI can produce highly persuasive advertisements tailored to individual
preferences. For high-involvement products that support customization based on personal
tendencies—such as experiential services—the moderating effect of involvement may be
particularly pronounced.

In summary, PI moderates the underlying mechanisms of AIGC advertisements by
shifting cognitive processing routes: high PI reinforces the effects of the central route
(PU → purchase intention), whereas low PI amplifies the effects of the peripheral route
(PE → advertising attitude).

Based on the ELM and attention allocation theory, this study constructs a moderated
dual-mediation model. We propose that AIGC advertising types (divergent vs. relevant)
influence attention allocation (product attention vs. non-product attention), which in turn
activates different perceived values (perceived usefulness vs. perceived entertainment),
ultimately leading to different consumer responses (purchase intention vs. advertising
attitude). In addition, product involvement plays a moderating role in the entire path. The
conceptual model was constructed as shown in Figure 1.

Figure 1. Conceptual Model of AI Ad Effects on Consumer Responses.

3. Research Hypotheses
3.1. Positive Effect of AI Ad Types on Attention

Attention allocation theory posits that human attentional resources are character-
ized by limited capacity and selectivity [56]. When individuals focus predominantly on
product-related regions within an advertisement, this state is defined as product attention;
conversely, when visual attention is directed toward non-product elements, it is categorized
as non-product attention.

Building on this theoretical foundation, this study proposes that AI advertisement
type systematically influences the allocation of attention between product and non-product
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regions. Relevant AI advertisements—characterized by high contextual coherence and
strong emotional connection—facilitate the identification of reference points, thereby en-
couraging the conscious prioritization of product-related areas (AOIs). This leads to a state
of product attention dominance, wherein limited cognitive resources are preferentially
allocated to product AOIs at the expense of non-product elements.

In contrast, the novelty and ambiguity inherent in divergent AI advertisements tend
to induce low-involvement states, diverting attention toward visually salient non-product
features, such as color and spatial layout. This results in non-product attention dominance,
as consumers engage more with hedonic stimulus attributes rather than with utilitarian
product information.

To capture physiological-level visual attention data, this study employs eye-tracking
technology, which enables real-time analysis of ocular movements [57]. Eye-tracking
metrics—including fixation duration, fixation count, and attention ratio within predefined
AOIs—will be used to empirically validate the proposed mechanisms. Based on the
foregoing analysis, the following hypotheses are proposed:

H1: Relevant AI advertisements lead to significantly higher levels of product attention than
divergent AI advertisements.

H2: Divergent AI advertisements lead to significantly higher levels of non-product attention than
relevant AI advertisements.

3.2. Positive Impact of AI Advertisements on Consumer Responses

(1) Impact on Purchase Intention

The Elaboration Likelihood Model (ELM) explains that persuasive outcomes in adver-
tising stem from two distinct information processing routes, differentiated by the level of
cognitive effort invested [41]. An individual’s ability (e.g., prior knowledge or expertise)
and motivation (e.g., involvement level and perceived relevance) collectively determine
whether information is processed via the central route or the peripheral route [58].

Drawing on the ELM framework, this study contends that relevant AI advertisements
foster purchase intention primarily through central route processing. By emphasizing
concrete product attributes—such as functionality and usage scenarios—these advertise-
ments establish a high-involvement context that encourages systematic evaluation by the
consumer. The precise alignment of advertising content with consumer needs enhances
perceived relevance and triggers goal-oriented cognition [59], thereby promoting deeper
processing of product value and directing cognitive resources toward a rational analysis
of utility rather than peripheral elements. Given that engagement via the central route is
strongly associated with the formation of behavioral intentions, it is hypothesized that rele-
vant AI advertisements enhance purchase intention more effectively than their divergent
counterparts [29,58]. Thus, the following hypothesis is proposed:

H3: Relevant AI advertisements lead to significantly higher purchase intention than divergent
AI advertisements.

(2) Impact on Advertising Attitude

Divergent AI advertisements enhance advertising attitude through a dual mechanism
that integrates the Mere Exposure Effect with peripheral route processing as described by
the ELM. The Mere Exposure Effect posits that repeated, often unconscious, exposure to a
stimulus reduces cognitive uncertainty and cultivates affective preference through increased
familiarity [60], particularly in low-attention contexts [61]. When interpreted through the
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ELM, this implies that divergent advertisements—which emphasize abstract creativity and
emotional elements—predominantly trigger peripheral processing, redirecting consumer
attention toward non-product cues [62].

Abstract or creatively presented product information typically corresponds to a low-
involvement situation, wherein consumers rely on peripheral cues for attitude formation.
By accentuating visual creativity and emotional resonance, divergent AI advertisements
effectively shift the focus of advertising communication from product-centric attributes to
peripheral cues, leading consumers to depend more on sensory and affective inputs rather
than on systematic evaluation. This design strategy increases unintentional exposure to
non-product areas (e.g., aesthetic or design elements), thereby activating the Mere Exposure
Effect. Repeated perceptual engagement with these cues enhances both advertisement
familiarity and hedonic pleasure [63,64], ultimately fostering more positive advertising
attitudes. Accordingly, the following hypothesis is proposed:

H4: Divergent AI advertisements lead to significantly more favorable advertising attitudes than
relevant AI advertisements.

3.3. Mediating Effects of Perceived Usefulness and Perceived Entertainment

In relevant AI advertisements, the structured and systematic presentation of spe-
cific product information triggers central route processing, prompting consumers to form
product attention [53]. This deeper cognitive engagement subsequently reinforces the
assessment of product utility [38], thereby positioning perceived usefulness as a primary
mediator between advertisement information and purchase intention. In contrast, diver-
gent AI advertisements cultivate non-product attention through peripheral cues embedded
in creative elements; the emotionally evocative nature of these cues activates the mediating
mechanism of perceived entertainment, which in turn enhances advertising attitudes.

Notably, AI advertisements often exhibit dual value properties: relevant advertise-
ments emphasize utility value while still potentially conveying creative novelty through
their mode of information presentation [46], whereas divergent advertisements prioritize
emotional value while maintaining a baseline level of product exposure [47]. This dual
attribute leads to an asymmetric mediating role of perceived usefulness and perceived enter-
tainment across advertisement types—perceived usefulness exerts a stronger explanatory
influence on purchase intention under central route dominance, while perceived entertain-
ment plays a more substantial role in shaping advertising attitude within peripheral route
contexts. Accordingly, the following hypotheses are proposed:

H5: Perceived usefulness mediates the effect of AI advertisement type on purchase intention.
Specifically, perceived usefulness is hypothesized to partially mediate the effect of relevant AI
advertisements on purchase intention and to fully mediate the effect of divergent AI advertisements
on purchase intention.

H6: Perceived entertainment mediates the effect of AI advertisement type on advertising attitude.
Specifically, perceived entertainment is hypothesized to partially mediate the effect of divergent AI
advertisements on advertising attitude and to fully mediate the effect of relevant AI advertisements
on advertising attitude.

3.4. Moderating Effects of Product Involvement

Drawing on the Elaboration Likelihood Model (ELM), product involvement (PI) is
posited to systematically moderate the effects of AI advertisements by regulating the
selection of information processing routes [49,62]. High PI increases motivation for central
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route processing, directing consumer attention toward product-related information. This
heightened focus facilitates a more detailed evaluation of utility, thereby enhancing the
formation of perceived usefulness (PU) [53]. Conversely, low PI promotes reliance on
peripheral route processing, leading consumers to prioritize creative and hedonic elements
in advertisements, which in turn amplifies the role of perceived entertainment (PE) in
shaping responses [46].

Consequently, under conditions of high PI, consumers exhibit greater motivation
to engage in systematic evaluation of product information [58]. This promotes deeper
cognitive processing of utility value, thereby strengthening the mediating role of PU.
In contrast, low PI reduces processing depth and analytical engagement, consequently
weakening the formation of PU. Furthermore, as high PI allocates more cognitive resources
to product-related analysis, it simultaneously attenuates the peripheral processing of an
advertisement’s creative aspects, thereby reducing the influence of PE. This allocation
pattern is consistent with the principles of limited-capacity attention theory.

Under high PI, PU emerges as the primary driver of purchase intention due to the
dominance of central route processing. Under low PI, however, the explanatory power
of PU diminishes as peripheral cues gain salience, aligning with the ELM’s prediction of
reduced central route impact in low-involvement contexts. Correspondingly, the role of
PE in shaping advertising attitude is most pronounced under low PI, where consumers
primarily respond to hedonic appeal. High PI attenuates this mediating pathway by
shifting cognitive focus toward product utility, thereby reducing reliance on emotional
cues. This asymmetric moderating pattern reflects the dual-value properties inherent in
AI advertisements: relevant advertisements emphasize utility while retaining creative
elements, and divergent advertisements prioritize emotional appeal while maintaining
basic product exposure. Based on this theoretical reasoning, the following hypothesis
is proposed:

H7: Product involvement positively moderates the relationship between AI advertisement type and
perceived usefulness and negatively moderates the relationship between AI advertisement type and
perceived entertainment.

To enhance clarity regarding the alignment between the research hypotheses, their the-
oretical foundations, and the associated variables, this study has constructed a “Hypothesis–
Theoretical Basis–Variable Correspondence Table” (Table 1). This table explicitly delineates
the core theories and variables involved in each hypothesis (H1–H7).

Table 1. Hypothesis–Theoretical Basis–Variable Correspondence Table.

Research
Hypothesis Core Theory Independent Variable Dependent/Mediating/

Moderating Variable

H1 Attention Allocation
Theory [17]

AIGC Ad Type
(Relevant vs. Divergent) Dependent: Product Attention

H2 Attention Allocation
Theory [17]

AIGC Ad Type
(Relevant vs. Divergent) Dependent: Non-product Attention

H3 ELM (Central Route) [18] AIGC Ad Type (Relevant) Dependent: Purchase Intention
H4 ELM (Peripheral Route) [18] AIGC Ad Type (Divergent) Dependent: Ad Attitude

H5 ELM + TAM [18,39] AIGC Ad Type
(Relevant/Divergent) Mediator: Perceived Usefulness (PU)

H6 ELM + Hedonic Processing
Theory [18,22]

AIGC Ad Type
(Relevant/Divergent)

Mediator: Perceived
Entertainment (PE)

H7 ELM + PI Theory [18,48] AIGC Ad Type × PI Moderator: Product Involvement (PI)
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4. Research Design Framework
Focusing on the core theoretical chain of “AIGC advertising stimulus → attention allo-

cation → perceived value → consumer response,” this study employs a two-stage research
design to systematically validate the transition from physiological cognitive mechanisms
to psychological and behavioral responses. The overarching research logic is structured
as follows:

Study 1 (Eye-Tracking Experiment) investigates the fundamental mechanism of at-
tention allocation to test H1 and H2. This experiment adopts a “single-type ad exposure”
design: participants are randomly assigned to either a divergent AIGC advertisement
group or a relevant AIGC advertisement group, with each group exposed exclusively to
advertisements of one creative type. Eye-tracking data are collected to evaluate the corre-
sponding hypotheses. In addition, the study observes attention distribution in a mixed
group—where divergent and relevant AIGC advertisements are presented together. By
comparing the eye-tracking data of the mixed group with those of the two single-type
groups, a difference analysis is conducted to examine whether significant variations in
visual attention exist between mixed and single-type exposure conditions.

A Tobii Pro Spectrum eye tracker is utilized, with the core product area in each
advertisement defined as the Area of Interest (AOI). Three key metrics—total fixation
duration, fixation count, and fixation duration ratio—are extracted to objectively quantify
differences in attention allocation between product and non-product areas. This approach
mitigates the memory bias and social desirability effects associated with traditional self-
report measures, thereby establishing a physiological foundation for subsequent analysis
of the “attention–perception” linkage.

Study 2 (Empirical Survey) extends the investigation to the perception–behavior path-
way, testing H3 through H7. To better simulate real-world consumption environments,
a “mixed ad exposure” design is employed: participants are exposed to a total of eight
advertisements (four divergent and four relevant, presented in randomized order). Data
on perceived usefulness (PU), perceived entertainment (PE), and product involvement
(PI) are collected via questionnaires. Structural Equation Modeling (SEM) and Bootstrap-
based mediation tests are applied to analyze the path “attention allocation → perceived
value → consumer response” and to clarify the moderating role of product involvement.
This stage bridges physiological indicators with subjective attitudes and behavioral inten-
tions, addressing the research gap concerning how attention allocation influences consumer
decision-making.

The use of eye-tracking technology ensures scientific rigor in data acquisition. Unlike
traditional subjective scales, the Tobii Pro Spectrum device employs a 3D eye model
and binocular sensors to capture pupil signals in real time, with high sampling rates
recording dynamic fixation trajectories. This process translates abstract product and non-
product attention into quantifiable physiological indicators. The scientific validity of this
methodology is supported by Jiang et al. (2024) [9], who confirmed the irreplaceability of
eye-tracking in revealing implicit cognitive mechanisms during advertisement processing.

In summary, the eye-tracking experiment addresses the question of “how AIGC
advertisement types differentially guide visual attention,” while the empirical survey
builds on these findings to examine “how attention allocation influences consumer response
through perceived value” and to define the moderating role of product involvement. This
integrated research design ensures both internal validity and ecological validity, yielding
conclusions that are theoretically rigorous and practically relevant.

To enhance the clarity of the logical connection between the proposed hypotheses,
the conceptual model, and the empirical studies, Table 2 delineates the specific study and
methodological approach designated for testing each hypothesis.
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Table 2. Hypothesis Testing Strategy.

Research Hypothesis Primary Study for Verification Data/Method Employed

H1: Relevant AI ads → Product
attention

Eye-tracking Experiment 1
(Single-type Group)

AOI metrics (Fixation time,
count, ratio)

H2: Divergent AI ads → Non-
product attention

Eye-tracking Experiment 1
(Single-type Group)

AOI metrics (Fixation time, count,
ratio) & Heatmaps

H1 & H2 (Robustness Check) Eye-tracking Experiment 2
(Mixed Group)

Comparative analysis of AOI
metrics vs. Single-type groups

H3: Relevant AI ads → Purchase
intention Empirical Study (Questionnaire) Structural Equation Modeling

(Path Analysis)
H4: Divergent AI ads → Advertising
attitude Empirical Study (Questionnaire) Structural Equation Modeling

(Path Analysis)
H5: Mediating role of Perceived
Usefulness (PU) Empirical Study (Questionnaire) Bootstrap Mediation Test

H6: Mediating role of Perceived
Entertainment (PE) Empirical Study (Questionnaire) Bootstrap Mediation Test

H7: Moderating role of Product
Involvement (PI) Empirical Study (Questionnaire) Hierarchical Regression Analysis

5. Eye-Tracking Experiment
5.1. Experiment Design

This study designs two eye-tracking experiments to explore and verify consumers’
attention allocation mechanisms, with distinct focuses and objectives as follows:

Single-Type Group Experiment (4.1) aims to examine the main effect of ad type on
attention allocation. To accurately isolate the independent impact of the core independent
variable—“divergent vs. relevant AIGC ads”—the group adopts a “single-type exposure”
design: participants are only exposed to ads of one creative type. By strictly controlling
extraneous variables (e.g., mixed ad types, information interference), this design eliminates
attention competition between different ad types. It thereby clearly defines the causal
relationships: “relevant ads → increased product attention” and “divergent ads → in-
creased non-product attention,” providing pure “attention-ad type” correlation evidence
for subsequent mechanism analysis.

Mixed Group Experiment (4.2) aims to verify two aspects: the ecological validity of the
attention pattern, and the robustness of the conclusions from Study 1. In real consumption
scenarios, consumers usually encounter multiple creative types of ads simultaneously in
the same media environment (e.g., social media feeds, e-commerce product pages). The
single-type exposure design may have a “scenario simplification bias.” Therefore, in the
Mixed Group experiment, participants are presented with 8 ads simultaneously (including
4 divergent and 4 relevant ads, with randomized presentation order) to simulate a realistic
information reception context. The goal is to test whether the attention allocation patterns
observed in the Single-Type Group remain valid.

5.2. Study 1: Eye-Tracking Experiment of AI Advertisement in the Divergent Ad Group and
Relevant Ad Group

This study employed an eye-tracking experiment to systematically examine partici-
pants’ attention allocation patterns when exposed to divergent versus relevant AI advertis-
ing formats.

5.2.1. Participants

The sample size for the eye-tracking experiment was determined using G*Power,
with an effect size of f = 0.25, α = 0.05, and statistical power = 0.8, yielding a minimum
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requirement of 32 participants per group. A total of 80 participants were recruited from a
Chinese university, with 40 individuals assigned to each experimental group, thereby fully
satisfying the statistical power requirement. All participants possessed normal or corrected-
to-normal visual acuity (1.0 or above) and reported no ocular conditions such as color
blindness or weakness. All participants were right-handed and had no prior involvement in
similar experiments [65]. Following the exclusion of invalid trials (e.g., those with excessive
blinking), 40 valid samples were retained per group. In the divergent advertisement group,
the sample consisted of 23 males and 17 females, with 85% of participants aged between
18 and 29 years. In the relevant advertisement group, there were 18 males and 22 females,
with 95% of participants falling within the 18–29 age range.

5.2.2. Apparatus and Design

The experiment was conducted using a Tobii Pro Spectrum screen-based eye tracker,
which operated at a sampling rate of 1200 Hz and a display resolution of 1920 × 1080 pixels
(16:9 aspect ratio), to record participants’ eye movements during unrestricted viewing of
advertisement stimuli. The device employed binocular sensors and a 3D eye model to
track both bright and dark pupil movements. Stimulus presentation, data acquisition, and
preliminary visualization were managed using Ergo Lab 3.2.

Areas of interest (AOIs) were defined in Begaze 3.4 Dataview, from which eye move-
ment metrics—including fixation duration, fixation count, and fixation duration ratio within
the AOIs—were extracted. Each advertisement was preceded by a 5 s presentation of a
gray cross [66] to reset gaze position and minimize carryover effects. A between-subjects
design was implemented, wherein participants were randomly assigned to view four ad-
vertisements (representing laptop, earphone, badminton, and coffee product categories)
created using either a divergent or a relevant AI strategy.

The Product AOI was defined as the complete display region of the core product
in each advertisement, whereas the Non-Product AOI encompassed all remaining vi-
sual elements, such as background and decorative patterns. The latter was operationally
defined as the automatic complementary region to the Product AOI, generated via the eye-
tracking software. Using the formula for visual angle, Visual Angle = 2 × arctan (Object
Size/(2 × Viewing Distance)), with a fixed viewing distance of 60 cm, the Product AOI
subtended a horizontal visual angle of 5.7◦ and a vertical angle of 7.1◦. The visual angle
of the Non-Product AOI was proportionally derived based on the overall dimensions of
the advertisement.

Strict control over the area ratio between Product and Non-Product AOIs was not
enforced, in accordance with the “ecological control” principle in visual attention research.
Existing studies indicate that when investigating fixation behavior in response to complex
stimuli, preserving a degree of natural variability can enhance the external validity of
the findings and help avoid the “laboratory effect” associated with excessive standardiza-
tion [67]. The area ratio in this study ranged from 27% to 43%, a distribution informed by
a pre-survey of 100 commercial advertisements and reflective of real-world advertising
scenarios, thereby improving the ecological validity of the experimental setting [67].

5.2.3. Stimuli Preparation

1. Product Selection

A multi-stage selection process was implemented to identify products representing
high and low involvement levels. Ten initial product candidates (including laptops and
coffee) were identified through social media analytics (using keywords: advertisement, AI
advertisement) and subsequently filtered based on user engagement metrics. Standardized
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product images (with white background, 800 × 900 pixels) were sourced from Baidu 2024
and processed in Photoshop 2024 to eliminate brand identifiers.

The screening questionnaire incorporated a “monthly income” option to distin-
guish between higher-income and lower-income participant groups. A pretest (n = 42)
utilizing the Revised Personal Involvement Inventory (RPII) [48]—a scale validated
in local research contexts—was conducted to assess product involvement levels. Re-
sults indicated that laptops (Mlower-income = 5.54; Mhigher-income = 6.01) and earphones
(Mlower-income = 5.28; Mhigher-income = 5.39) elicited the highest involvement scores, whereas
badminton (Mlower-income = 3.63; Mhigher-income = 4.53) and coffee (lower-income:
Mlower-income = 4.10; Mhigher-income = 4.35) received the lowest. No statistically significant
differences in involvement were observed between income groups (p > 0.05).

2. Ad Design

A 2 × 2 factorial design was employed, manipulating two independent variables:
AI advertisement type (divergent vs. relevant) and product involvement level (high:
laptop/earphone; low: coffee/badminton). An eight-member expert panel was convened
to develop advertisements for the four products, with optimizations made to layout, color
schemes, and proportionality to establish coherent visual frameworks. Stimulus generation
leveraged Midjourney 2024, where iterative keyword adjustments were applied to produce
draft advertisements aligning with the intended creative concepts. Adobe Photoshop
2024 was subsequently used to standardize image dimensions (920 × 1110 pixels), ensure
background uniformity, and maintain typographic consistency. Three rounds of passerby
testing were then conducted to optimize perceived relevance, divergence, and creativity
of the advertisements. This process ultimately yielded advertisements exhibiting strong
divergent or relevant characteristics.

3. Visual feature quantification and matching

To eliminate potential confounding effects of low-level visual attributes on atten-
tion allocation—and thereby ensure that observed variations in attention patterns could
be attributed to advertisement creative types rather than to basic visual features—this
study utilized ImageJ 1.53k, MATLAB R2023b (with the Image Processing Toolbox), and
Adobe Photoshop 2024 as core analytical tools for standardizing and quantifying key
visual features across the eight experimental advertisements. Visual complexity was com-
prehensively assessed using edge density and JPEG compression ratio; color attributes
were evaluated based on average saturation in the HSV color space and consistency of
the dominant hue; contrast and brightness were characterized using overall contrast and
mean brightness of grayscale images. All tool parameters were standardized to minimize
quantification bias.

Subsequent independent samples t-tests (α = 0.05), with advertisement type as the
independent variable and quantified visual feature values as dependent variables, revealed
no statistically significant differences between divergent and relevant advertisement groups
in terms of visual complexity (t(6) = 0.84, p = 0.43), color vividness (t(6) = −1.12, p = 0.31),
contrast (t(6) = 0.45, p = 0.67), or brightness (t(6) = −0.92, p = 0.39).

In summary, no systematic biases in low-level visual features were identified between
the divergent and relevant advertisement conditions. Therefore, any observed differences
in attention allocation during the experiment can be more plausibly attributed to higher-
level cognitive processing induced by advertisement creative types—effectively eliminating
interference from visual confounds and establishing a robust foundation for subsequent
analyses of attention mechanisms and perceptual pathways.
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4. AI ad type Validation

An online survey involving 40 participants was conducted to validate the effectiveness
of the advertisement typology, using seven-point Likert scales adapted from Jiang et al. [9].
Without being informed of the advertisement classifications or experimental purpose,
participants were sequentially shown the eight AI-generated advertisements and asked to
rate each on divergence and relevance. Independent samples t-tests confirmed significant
differences between groups: relevant advertisements received higher relevance ratings
(M = 5.55, SD = 0.11) than divergent advertisements (M = 3.52, SD = 0.06; t = −17.784,
p < 0.001), while divergent advertisements received higher divergence ratings (M = 5.78,
SD = 0.05) than relevant advertisements (M = 3.43, SD = 0.08; t = 20.616, p < 0.001). These
strong discriminative effects confirm successful typological differentiation, indicating that
participants perceived significant differences in the divergence and relevance of the two
advertisement types.

To further validate the rationality of the AIGC advertisement classification, K-
means clustering analysis was performed on the divergence relevance rating data ob-
tained from the 40 participants. Results demonstrated a clustering accuracy exceeding
95.2%—specifically, the two clusters identified by the algorithm (“high divergence-low
relevance” and “low divergence-high relevance”) were fully consistent with the expert-
defined classifications of “divergent ads” and “relevant ads.” This finding confirms that the
classification of AIGC advertisements does not rely solely on technical generation methods,
but rather aligns closely with consumers’ actual perceptual judgments, thereby ensuring
the validity of the experimental materials at the user cognitive level.

5.2.4. Procedure

The eye-tracking experiment was conducted in a controlled laboratory setting at the
university, maintaining standardized environmental parameters consistent with established
protocols [68], including sound attenuation, controlled illumination (4000–5000 K cool
white light), and stable ambient temperature (28 ± 1 ◦C). Physical partitions were installed
between workstations to eliminate visual or physical interference among participants [67].
The study received approval from the Ethics Review Committee of Shandong University,
and all participants provided written informed consent prior to the experiment. Each
participant received ¥20 cash compensation upon completion to acknowledge their time
and safeguard their rights. The experimental protocol (Figure 2) proceeded as follows:

1. Participants were seated 60 cm from a 24-inch LCD monitor, with head position
stabilized using a chin rest to maintain a consistent viewing distance and ensure
accurate binocular alignment with the eye-tracking system.

2. The researcher provided standardized instructions: “You will now complete an eye-
tracking session. Please browse the advertisements naturally as you would online. A
gray fixation cross will appear for 5 s before each advertisement, which will then be
displayed for 8 s.”

3. A nine-point calibration procedure was performed, with accuracy validated through
gaze-contingent verification trials. Data collection commenced only when the calibra-
tion error was confirmed to be below 0.10◦ of visual angle.

4. Upon successful calibration, the core experimental phase began, during which partici-
pants viewed the advertisement stimuli under free-viewing conditions.

5. Following the eye-tracking session, participants provided basic demographic infor-
mation and completed a validated questionnaire assessing advertisement perception,
advertising attitude, and purchase intention.
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Figure 2. Eye-tracking Experiment Procedure Diagram.

5.2.5. Data Processing

Eye-movement data were analyzed using three validated metrics:

(1) Fixation duration (total dwell time within AOIs), which reflects the depth of cognitive
engagement with a specific area, with longer fixation durations indicating more
extensive information processing [69];

(2) Fixation count (frequency of visits to AOIs), which captures attentional salience, with
higher counts suggesting stronger visual appeal of the area to consumers [68];

(3) Fixation time ratio (dwell time in AOIs relative to total advertisement viewing time),
which quantifies the priority of attention allocation, with higher ratios indicating
that consumers are more inclined to direct their limited cognitive resources toward
that area.

Heat maps were generated to visualize the spatial distribution of attention, with darker
regions representing higher cumulative fixation durations.

The eye tracker automatically recorded eye-movement data within the predefined
AOIs. Invalid data resulting from tracking failures or errors in advertisement type discrimi-
nation were excluded. The final dataset comprised 40 valid samples (20 per advertisement
type group).

Raw data were preprocessed using the eye tracker’s proprietary software (Ergo Lab)
to extract fixation metrics and generate heat maps. The processed outputs (exported as
Excel files) were subsequently imported into SPSS 29.0 for statistical analysis. To meet
the assumptions of parametric tests, fixation duration data were subjected to logarithmic
transformation to normalize their distributions.

5.2.6. Data Analysis

(1) Analysis of Single-Type Group (Divergent vs. Relevant Static Ads)

First, Levene’s test confirmed homogeneity of variances across experimental groups
for all eye-tracking metrics (p > 0.10), satisfying the assumptions for parametric analysis.



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 339 17 of 44

Subsequent independent samples t-tests revealed that relevant AI advertisements
elicited significantly longer fixation time (Mdivergent ad = 1.21, SD = 0.31, Mrelevant ad =
2.36, SD = 0.37, t (40) = −4.76, p < 0.05), higher fixation count (Mdivergent ad = 3.83, SD =
1.39, Mrelevant ad = 7.25, SD = 0.96, t (40) = −4.07, p < 0.05), and higher fixation time ratio
(Mdivergent ad = 15.64, SD = 5.38, Mrelevant ad = 30.26, SD = 4.56, t (40) = −4.14, p < 0.05) in
the product region compared to divergent AI advertisements. The observed effect sizes
(Cohen’s d > 0.80) further indicated substantial differences in fixation patterns between
the two advertisement types. These results support Hypothesis 1, demonstrating greater
attention allocation to product regions in relevant advertisements.

Further analysis of fixation time ratios showed that relevant advertisements achieved
ratios exceeding 30% for three out of four products (coffee: 33.74%; earphone: 32.81%;
laptop: 30.72%), whereas divergent advertisements remained below 20% for all products
(e.g., badminton: 8.54%; laptop: 12.63%). Throughout the 8 s exposure period, the divergent
advertisement group consistently exhibited lower product region fixation ratios than the
relevant advertisement group. Aligned with limited-capacity attention theory, this pattern
suggests that divergent advertisements systematically diverted attention toward non-
product elements, thereby validating Hypothesis 2.

Finally, heat maps were generated to visualize spatial attention distribution
(Figures 3 and 4). For relevant AI advertisements, product regions demonstrated signifi-
cantly higher fixation density, characterized by concentrated red, yellow, and green clusters
in product areas. Conversely, divergent AI advertisements exhibited reversed patterns,
with non-product regions showing higher red cluster density than product regions. This
visual evidence indicates that participants allocated more attention to product regions
when viewing relevant advertisements, while focusing more extensively on non-product
regions during exposure to divergent advertisements.

In conclusion, relevant AI advertisements elicited significantly higher product-region
fixation time, count, and ratio compared to divergent AI advertisements, which conversely
amplified non-product attention—thus empirically validating Hypotheses 1 and 2. This
systematic attentional divergence across advertisement types demonstrates distinct cogni-
tive processing pathways, supported by convergent evidence from parametric analyses
and heatmap clustering patterns.

(2) Supplementary Analysis of Dynamic AIGC Ads

To examine the generalizability of these findings to more ecologically valid contexts, a
supplementary eye-tracking experiment involving dynamic advertisements was conducted
(Appendix A), with key results integrated here.

The resulting aggregate heatmaps provide robust visualization of spatial attention dis-
tribution across the entire advertisement duration. Qualitative analysis of these heatmaps
yielded compelling and consistent visual evidence supporting Hypotheses 1 and 2:

For relevant dynamic advertisements (Figure 5), the heatmaps display highly con-
centrated red and yellow hotspots that remain stably anchored on core product elements
throughout the video sequence (e.g., covering the laptop screen and body, earphone con-
tours, and coffee cup). This pattern indicates that, despite dynamic narratives, viewers’
visual attention was consistently captured and maintained by the product itself, align-
ing with Hypothesis 1’s premise that relevant advertisements enhance product attention
through central route processing.
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Figure 3. Divergent ad group Experiment Materials: (a) Divergent—laptop AI ad; (b) Divergent—
earphone AI ad; (c) Divergent—badminton AI ad; (d) Divergent—coffee AI ad. Note. (a) “Divergent—
laptop AI ad” refers to a divergent artificial intelligence advertisement for laptops; (b) “Divergent—
earphone AI ad” refers to a divergent artificial intelligence advertisement for earphones;
(c) “Divergent—badminton AI ad” refers to a divergent artificial intelligence advertisement for
badminton products; (d) “Divergent—coffee AI ad” refers to a divergent artificial intelligence adver-
tisement for coffee.

For divergent dynamic advertisements (Figure 6), the heatmaps reveal a distinctly dif-
ferent pattern: visual attention is markedly dispersed toward peripheral creative elements.
The most intense red hotspots are consistently located on dynamic backgrounds, artistic
typography, abstract animations, and narrative-driven scene elements, while product areas
predominantly appear in cooler colors (green/blue), indicating sparse fixation. This pattern
directly substantiates Hypothesis 2, which posits that divergent advertisements guide
non-product attention through peripheral route processing.

In summary, while technical constraints precluded dynamic AOI quantification, the
aggregate heatmaps—derived from a substantial sample (n = 40)—provide potent visual
validation of the fundamental impact of AIGC advertisement type on attention allocation.
These findings not only reinforce the conclusions from static advertisement experiments
but also robustly demonstrate the explanatory power of the proposed dual-path cognitive
model within the more ecologically valid context of dynamic advertisements. Future
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research, aided by advancements in dynamic AOI analysis, will be well-positioned to build
upon these findings with precise quantitative data.

  
(a) (b) 

  
(c) (d) 

Figure 4. Relevant ad group Experiment Materials: (a) Relevant—laptop AI ad; (b) Relevant—
earphone AI ad; (c) Relevant—badminton AI ad; (d) Relevant—coffee AI ad. Note. (a) “Relevant—
laptop AI ad” refers to a relevant artificial intelligence advertisement for laptops; (b) “Relevant—
earphone AI ad” refers to a relevant artificial intelligence advertisement for earphones; (c) “Relevant—
badminton AI ad” refers to a relevant artificial intelligence advertisement for badminton products;
(d) “Relevant—coffee AI ad” refers to a relevant artificial intelligence advertisement for coffee.

5.3. Study 2: Eye-Tracking Experiment of AI Advertisement in the Mixed Ad Group

To validate the robustness of the findings from Study 1, a mixed-condition paradigm
was implemented, exposing participants to both divergent and relevant AI advertisements
simultaneously. Comparative eye-tracking analyses between the mixed group and the
divergent/relevant single-type groups were conducted to assess potential differences in
attentional allocation.

5.3.1. Participants

A final cohort of 20 eligible participants (12 male, 8 female) was selected through
random sampling, adhering to the same inclusion criteria detailed in Section 5.2.1.
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Figure 5. Divergent ad group Dynamic Materials: (a) Divergent—laptop AI ad; (b) Divergent—
earphone AI ad; (c) Divergent—badminton AI ad; (d) Divergent—coffee AI ad. Note. The heatmap
depicted is overlaid on a video frame from the short-form video. (a) “Divergent—laptop AI ad”
refers to a divergent dynamic artificial intelligence advertisement for laptops; (b) “Divergent—
earphone AI ad” refers to a divergent dynamic artificial intelligence advertisement for earphones;
(c) “Divergent—badminton AI ad” refers to a divergent dynamic artificial intelligence advertisement
for badminton products; (d) “Divergent—coffee AI ad” refers to a divergent dynamic artificial
intelligence advertisement for coffee.

5.3.2. Design

This mixed-condition experiment reused the eight advertisement stimuli from Study
1. Product-region fixation metrics—including fixation duration, fixation count, and fixation
time ratio—were assessed using the Tobii Pro Spectrum eye-tracking device. Independent
samples t-tests comparing the mixed group (n = 20) with the single-type groups (divergent
and relevant advertisements, n = 20 each) revealed no statistically significant differences in
any of the fixation metrics (all p > 0.05). This confirms the stability of attention patterns
across different exposure modes, consistent with the principles of ecological validity. Full
methodological replication of apparatus, protocols, and data processing procedures ensured
direct comparability between studies.
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Figure 6. Relevant ad group Dynamic Materials: (a) Relevant—laptop AI ad; (b) Relevant—earphone
AI ad; (c) Relevant—badminton AI ad; (d) Relevant—coffee AI ad. Note. The heatmap depicted
is overlaid on a video frame from the short-form video. (a) “Relevant—laptop AI ad” refers to
a relevant dynamic artificial intelligence advertisement for laptops; (b) “Relevant—earphone AI
ad” refers to a relevant dynamic artificial intelligence advertisement for earphones; (c) “Relevant—
badminton AI ad” refers to a relevant dynamic artificial intelligence advertisement for badminton
products; (d) “Relevant—coffee AI ad” refers to a relevant dynamic artificial intelligence advertise-
ment for coffee.

5.3.3. Data Analysis

Independent samples t-tests were conducted to compare AOI metrics between the
mixed group (n = 20) and each of the single-type groups (n = 20 per group).

For divergent advertisements, comparisons between the mixed group and the
divergent control group (Table 3) showed no significant differences in fixation time
(Mmixed-divergent = 1.06, SD = 0.35; Mdivergent = 1.21, SD = 0.31, t = 0.62, p = 0.56), fixa-
tion count (Mmixed-divergent = 3.15, SD = 2.57; Mdivergent = 3.83, SD = 1.39, t = 0.46, p = 0.66),
or fixation time ratio (Mmixed-divergent = 14.96, SD = 7.04; Mdivergent = 15.64, SD = 5.38,
t = 0.16, p = 0.88).
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Table 3. Fixation Data Comparative Analysis Between Divergent Ad Group and Mixed Group
Participants in Divergent AI advertisements.

Mixed Ad Group
(M ± SD)

Divergent Ad Group
(M ± SD) t p

AOI fixation time (s) 1.06 ± 0.35 1.21 ± 0.31 0.62 0.56
AOI fixation time ratio (%) 14.96 ± 7.04 15.64 ± 5.38 0.16 0.88

AOI fixation count (n) 3.15 ± 2.57 3.83 ± 1.39 0.46 0.66
Note. M = Mean; SD = Standard Deviation.

Similarly, for relevant advertisements, comparisons between the mixed group and
the relevant control group (Table 4) revealed no significant variations in fixation time
(Mmixed-relevant = 2.43, SD = 0.59; Mrelevant = 2.36, SD = 0.37, t = −0.19, p = 0.85), fixation
count (Mmixed-relevant = 5.25, SD = 3.30; Mrelevant = 7.25, SD = 0.96, t = 1.16, p = 0.32), or
fixation time ratio (Mmixed-relevant = 41.43, SD = 12.37; Mrelevant = 30.26, SD = 4.56, t = −1.70,
p = 0.14).

Table 4. Fixation Data Comparative Analysis Between Relevant Ad Group and Mixed Group
Participants in Relevant AI advertisements.

Mixed Ad Group
(M ± SD)

Relevant Ad Group
(M ± SD) t p

AOI fixation time (s) 2.43 ± 0.59 2.36 ± 0.37 −0.19 0.85
AOI fixation time ratio (%) 41.43 ± 12.37 30.26 ± 4.56 −1.70 0.14

AOI fixation count (n) 5.25 ± 3.30 7.25 ± 0.96 1.16 0.32
Note. M = Mean; SD = Standard Deviation.

These non-significant findings (all p > 0.05) confirm that the mixed-format presentation
preserved natural attention allocation patterns. The observed effect sizes (Cohen’s d < 0.30)
further suggest minimal practical significance, supporting the ecological validity of the
experimental design.

Collectively, the AOI fixation metrics demonstrated no significant differences between
mixed-format exposure to AI advertisements (containing both divergent and relevant types)
and single-format exposures. This indicates that concurrent exposure to divergent and
relevant AI advertisements does not systematically alter consumers’ attention allocation
patterns compared to single-format viewing conditions. The mixed-group presentation
paradigm did not systematically bias participants’ visual attention toward or away from
product regions in either advertisement type, thereby validating the robustness of the Study
1 findings across different exposure conditions.

6. Empirical Research on the Consumer Perception Mechanism
6.1. Research Design

A between-subjects experiment was conducted using a convenience sample of
240 participants recruited through social media platforms (WeChat, QQ) and specialized
interest communities (RED, Zhihu). Participants were randomly assigned to sequentially
view eight advertisement images without being informed of the experimental hypotheses.
Following each exposure, participants rated four key constructs using 7-point Likert scales:
perceived usefulness, perceived entertainment, purchase intention, and advertising attitude.
To ensure valid categorization of advertisement types, screening items measuring diver-
gence and relevance were embedded in the questionnaire. Invalid responses that failed
to meet the advertisement-type discriminability criteria—specifically, divergent advertise-
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ments requiring divergence scores exceeding relevance scores, and relevant advertisements
requiring the reverse pattern—were systematically excluded from subsequent analysis.

6.2. Measure Item

To comprehensively measure core constructs within the AIGC advertising context, this
study employed established scales from prior literature. While these scales originated from
diverse research contexts—including traditional advertising and technology acceptance
research—all measurement items were carefully adapted to fit the specific setting of AI-
generated advertisements. The multi-source scale adoption strategy was implemented to
fully capture the multifaceted nature of the constructs under investigation, particularly the
dual dimensions of advertising creativity (divergence/relevance) and consumer perceived
value (utilitarian/hedonic).

The study operationalized its core constructs using validated 7-point Likert scales (see
Table 1 for complete details). Specifically, divergence and relevance were adapted from Jiang
et al. [9]; perceived usefulness incorporated informational utility measures from Gironda &
Korgaonkar [70]; and perceived entertainment drew upon hedonic value scales developed
by Ducoffe [12], Lee et al. [71], and Liu et al. [72]. Purchase intention was assessed using
behavioral likelihood indicators from Hsu & Lin [73], while advertising attitude was
measured through Sheinin et al.’s [74] evaluative judgment framework. Complete scale
details are provided in Table 5.

Table 5. Measurement Items.

Variable Measurement Items Note

Divergence

1. The ad was “out of the ordinary.”

Jiang et al. [9]

2. The ad broke away from habit-bound and stereotypical thinking.
3. The ad contained ideas that moved from one subject to another.
4. The ad connected objects that are usually unrelated.
5. The ad brought unusual items together.
6. The ad contained more details than expected.
7. The ad was visually/verbally distinctive.

Relevance
1. The ad contained elements that are strongly related.
2. I think the ad was relevant to me.
3. The ad was very meaningful to me.

Perceived usefulness
1. I think this ad is valuable. Gironda &

Korgaonkar [70]2. The ad helps me to reach more useful information.
3. The ad is helpful for my future purchase decisions.

Perceived
Entertainment

1. I find the ad very interesting. Ducoffe [12]
2. I think I enjoyed the ad. Lee et al. [71]
3. I find the ad to be enjoyable. Liu et al. [72]

Purchase intention
1. I find purchasing product advertised to be worthwhile.

Hsu & Lin [73]2. I will strongly recommend others to purchase product advertised.
3. I would like to have the advertised products.

Advertising attitude

1. I enjoy the ad.

Sheinin et al. [74]
2. I like the ad.
3. I find this ad very appealing.
4. I think the content of this ad is very original and creative.
5. I will recommend this ad to others.

Prior to the main study, a pre-test was conducted to ensure the clarity and face valid-
ity of the adapted measurement items. Furthermore, as detailed in subsequent sections
(Section 6.3: Reliability and Validity Tests), the adapted measurement model demonstrated
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excellent reliability, convergent validity, and discriminant validity within our specific re-
search context. These psychometric properties confirm the appropriateness and robustness
of the selected scales for this investigation into AIGC advertising effects.

6.3. Reliability and Validity Tests

This section presents the assessment of the scale’s reliability and construct validity,
establishing a foundation for subsequent structural equation modeling.

6.3.1. Common Method Bias Assessment

To address potential common method bias (CMB) inherent in self-report measures,
Harman’s single-factor test was conducted (see Table 6). Principal component analysis
(PCA) extracted five components with eigenvalues greater than 1.0. The first unrotated
component explained 37.08% of the total variance—below the critical threshold of 50% [75]—
indicating that common method bias was not a substantial concern in this study.

Table 6. Harman’s Single-Factor Test Analysis.

Factor Eigenvalue Variance Explained (%) Cumulative Variance
Explained (%)

1 11.12 37.08 37.08
2 5.27 17.56 54.64
3 2.84 9.46 64.10
4 1.60 5.35 69.45
5 1.37 4.57 74.01

6.3.2. Reliability Analysis

Internal consistency was assessed using Cronbach’s α coefficients. The overall scale
demonstrated good reliability (α = 0.89), with all subscales exceeding the recommended
threshold of 0.70. At the item level, all corrected item-total correlations (CITCs) surpassed
the 0.40 cutoff value. Furthermore, no item deletion resulted in an improvement in α greater
than 0.02, confirming that the item composition was optimal. These results collectively
indicate robust internal consistency across all measured constructs.

6.3.3. Validity Analysis

Exploratory Factor Analysis (EFA) was employed to examine the structural fitness
of the adapted scales within the AIGC advertising context, thereby mitigating potential
biases arising from cross-contextual scale application. The data demonstrated excellent
suitability for EFA: the Kaiser-Meyer-Olkin (KMO) measure was 0.947 (exceeding 0.80), and
Bartlett’s test of sphericity was significant (p < 0.001), indicating good construct validity for
the measurement model.

The EFA extracted five factors that aligned well with the theoretical constructs: Factor
1 represented divergence (7 items, factor loadings ranging from 0.78 to 0.91); Factor 2 corre-
sponded to relevance (3 items, loadings 0.82–0.89); Factor 3 captured perceived usefulness
(PU, 3 items, loadings 0.85–0.90); Factor 4 represented perceived entertainment (PE, 3 items,
loadings 0.88–0.92); and Factor 5 encompassed behavioral tendency (including 3 items for
purchase intention and 5 items for advertising attitude, loadings 0.75–0.86).

Notably, purchase intention and advertising attitude loaded together as a single factor
in the EFA, with a moderate correlation (r = 0.317) observed between them (Table 5). As
both constructs belong to the broader “consumer response” dimension, their statistical
merging in EFA is methodologically acceptable. However, for the subsequent structural
equation modeling (SEM) analysis—which is theoretically driven—they were treated as
distinct dependent variables. This “EFA merging-SEM splitting” approach is justified
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by their conceptual differentiation: purchase intention represents a behavioral intention
construct, while advertising attitude constitutes an affective evaluation construct, consistent
with the theoretical framework of the Elaboration Likelihood Model [18]. This treatment
aligns with established methodological principles regarding factor merging and construct
differentiation [76].

Discriminant validity was further evaluated using Fornell and Larcker’s criterion. As
shown in Table 7, the square roots of the average variance extracted (AVE) for each con-
struct (diagonal elements) exceeded the inter-construct correlations (off-diagonal elements),
indicating that each construct shared more variance with its own measures than with other
constructs, thereby satisfying discriminant validity requirements.

Table 7. Discriminant Validity Test Result.

Divergence Relevance Perceived
Usefulness

Perceived
Entertainment

Purchase
Intention

Advertising
Attitude

Product
Involvement

Divergence 0.926
Relevance 0.105 ** 0.888
Perceived
usefulness 0.215 ** 0.677 ** 0.894

Perceived
entertainment 0.484 ** 0.212 ** 0.233 ** 0.913

Purchase
intention 0.189 ** 0.594 ** 0.639 ** 0.219 ** 0.821

Advertising
attitude 0.627 ** 0.149 ** 0.200 ** 0.680 ** 0.317 ** 0.904

Product
involvement −0.158 ** −0.279 ** −0.255 ** −0.409 ** −0.351 ** −0.372 ** 0.630

** p < 0.01.

Convergent validity was assessed by examining factor loadings, composite reliability
(CR), and average variance extracted (AVE), with results summarized in Table 8. All
standardized factor loadings exceeded 0.50, indicating adequate item reliability. The CR
values for all constructs surpassed 0.70, demonstrating satisfactory internal consistency. The
AVE values for most constructs exceeded the recommended threshold of 0.50, indicating
that the items collectively explained sufficient variance in their respective constructs.

Table 8. Confirmatory Factor Analysis Result.

Construct Item
Item Reliability Convergence

Reliability
Composite
Reliability

Std. SMC AVE CR

Divergent Advertising DA1 0.922 0.851

0.857 0.977

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA2 0.949 0.901
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Table 8. Cont.

Construct Item
Item Reliability Convergence

Reliability
Composite
Reliability

Std. SMC AVE CR

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA3 0.918 0.843

0.857 0.977

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA4 0.926 0.858

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA5 0.927 0.859

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA6 0.918 0.842

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

DA7 0.921 0.848

Relevant
Advertising RA1 0.857 0.734

0.789 0.918

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

RA2 0.897 0.804
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Table 8. Cont.

Construct Item
Item Reliability Convergence

Reliability
Composite
Reliability

Std. SMC AVE CR

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

RA3 0.911 0.829 0.789 0.918

Perceived
Usefulness PU1 0.891 0.795

0.799 0.923

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PU2 0.894 0.799

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PU3 0.896 0.803

Perceived Entertainment PE1 0.898 0.806

0.833 0.937

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PE2 0.929 0.864

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PE3 0.91 0.828

Purchase
Intention PUI1 0.816 0.666

0.673 0.861

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PUI2 0.803 0.645
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Table 8. Cont.

Construct Item
Item Reliability Convergence

Reliability
Composite
Reliability

Std. SMC AVE CR

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

PUI3 0.842 0.709 0.673 0.861

Advertising
Attitude AA1 0.898 0.806

0.818 0.957

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

AA2 0.909 0.825

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

AA3 0.908 0.824

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

AA4 0.900 0.810

Divergence
Relevance

Perceived usefulness
Perceived entertainment

Purchase intention
Advertising attitude
Product involvement

AA5 0.908 0.825

Product
Involvement

PI1 0.579 0.335

0.396 0.766
PI2 0.606 0.367
PI3 0.614 0.377
PI4 0.688 0.473
PI5 0.655 0.429

For the product involvement construct, while the AVE value was 0.396 (slightly
below 0.50), its CR value remained above 0.70. Following established methodological
guidelines [76], this combination of adequate CR with marginally below-threshold AVE
remains acceptable for confirming convergent validity. The AVE values for all other
constructs exceeded 0.50. Collectively, these results confirm that the measurement model
exhibits satisfactory convergent validity.
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6.4. Descriptive Statistics

The final analytical sample consisted of 230 participants, with a nearly balanced
gender distribution (49.6% male, 50.4% female) and a median age of 26.5 years. The age
profile was predominantly composed of younger adults (see Table 9): 38.7% aged 18–23,
32.6% aged 24–29, and 22.2% aged 30–35, reflecting the generational cohorts (Generation Z
and Millennials) most receptive to new technologies. In terms of occupational background,
students (32.2%) and corporate employees (30.0%) constituted the majority, aligning with
key demographic segments targeted by digital advertising campaigns. Purposeful sampling
ensured income diversity across socioeconomic strata, including unemployed individuals
(12.6%) and part-time workers (15.2%). This strategically varied demographic composition
enhances the external validity of the study by representing authentic consumer segments
that typically engage with AI-driven marketing content.

Table 9. Demographic Statistics Analysis.

Number Percentage (%)

Gender
Male 114 49.60

Female 116 50.40

Age group

Under 18 years old 32 13.90
18–23 years old 76 33.00
24−29 years old 43 18.70
30−35 years old 38 16.50
36−41 years old 15 6.50
42–47 years old 16 7.00

48 years old and above 10 4.30

Occupation

Student 74 32.20
Employees of Enterprises and Public Institutions 12 5.20

Teacher 10 4.30
Freelancer 24 10.40

Farmer 23 10.00
Corporate Employee 69 30.00
Corporate Executive 7 3.00

Self-employed Businessperson 11 4.80

Monthly income
range

No income 79 34.30
Less than 3000 yuan 33 14.30

3001–4500 yuan 17 7.40
4501–6000 yuan 18 7.80
6001–7500 yuan 21 9.10
7501–9000 yuan 26 11.30

9001–10,500 yuan 15 6.50
10,501–12,000 yuan 8 3.50

12,000 yuan and above 13 5.70

6.5. Model Test

This section presents the empirical examination of direct, mediating, and moderating
effects among the key variables, thereby testing the previously proposed hypotheses
(H3–H7).
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6.5.1. Model Fit Assessment

The structural equation model was evaluated using multiple goodness-of-fit indices.
The CMIN/DF (chi-square to degrees of freedom ratio) was slightly elevated beyond the
ideal range of 1–5, which may be attributable to the complex path relationships among
constructs, including the simultaneous estimation of multiple mediating and moderating
effects [77]. However, other core fit indices demonstrated excellent model-data correspon-
dence: RMSEA (root mean square error of approximation) = 0.054 (below the 0.08 threshold),
GFI (goodness of fit index) = 0.92, TLI (Tucker–Lewis Index) = 0.963, and CFI (comparative
fit index) = 0.96. Collectively, these indices indicate that the theoretical model exhibits
satisfactory overall fit (see Figure 7).

 

Figure 7. Path Coefficient Diagram of the SEM Model. Note. DA: Divergent AI Advertisements;
RA: Relevant AI Advertisements; PI: Product Involvement; DA*PI: Interaction term of Divergent AI
Advertisements and Product Involvement; RA*PI: Interaction term of Relevant AI Advertisements
and Product Involvement; PE: Perceived Entertainment; PU: Perceived Usefulness; AA: Ad Attitude;
PUI: Purchase Intention; e (e.g., e1, e2, . . ., e28): Error Term; DA1–DA7, RA1–RA3, PE1–PE3, PU1–
PU3, AA1–AA5, PUI1–PUI3: Observed items for each latent variable.

6.5.2. Main Effects Test

Structural equation modeling analysis revealed significant positive relationships for
the hypothesized direct paths (see Table 10). Divergent advertising demonstrated a sig-
nificant positive effect on advertising attitude (β = 0.385, p < 0.001), thereby supporting
Hypothesis 3. Similarly, relevant advertising showed a significant positive effect on pur-
chase intention (β = 0.294, p < 0.001), supporting Hypothesis 4.
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Table 10. Path Relationship Hypothesis Testing Result.

Path Relationship Estimate S.E. C.R. P

PU <--- RA 0.665 0.022 30.953 ***
PE <--- RA 0.208 0.02 10.25 ***
PU <--- DA 0.125 0.017 6.901 ***
PE <--- DA 0.458 0.018 23.28 ***
PU <--- PI −0.061 0.022 −3.303 ***
PE <--- PI −0.313 0.023 −16.189 ***

PUI <--- PU 0.509 0.024 15.655 ***
AA <--- PE 0.523 0.02 25.542 ***
PUI <--- RA 0.294 0.024 9.277 ***
AA <--- DA 0.385 0.017 20.056 ***

PU <--- DA*PI 0.076 0.014 3.815 ***
PE <--- DA*PI −0.25 0.014 −11.946 ***
PU <--- RA*PI 0.089 0.015 4.311 ***
PE <--- RA*PI −0.167 0.015 −7.821 ***

S.E. = Standard Error, C.R. = Critical Ratio; *** p < 0.001. Note. DA*PI: Interaction term of Divergent AI
Advertisements and Product Involvement; RA*PI: Interaction term of Relevant AI Advertisements and Prod-
uct Involvement.

6.5.3. Mediating Effects Test

Parallel mediation analyses were conducted to examine the roles of perceived use-
fulness (PU) and perceived entertainment (PE) in the relationships between AI adver-
tisement type (divergent/relevant) and consumer response outcomes (purchase inten-
tion/advertising attitude). Control variables included gender, age, occupation, and income.
Using the bias-corrected Bootstrap method with 5000 resamples, significant indirect effects
were identified when the 95% confidence intervals excluded zero. The results revealed four
significant mediating pathways:

1. Perceived entertainment mediated the relationship between divergent advertising
and advertising attitude (effect size = 0.233, Boot SE = 0.018, 95% CI [0.189, 0.224],
z = 12.434, p < 0.01).

2. Perceived usefulness mediated the relationship between divergent advertising and
purchase intention (effect size = 0.034, Boot SE = 0.009, 95% CI [0.027, 0.061], z = 3.871,
p < 0.01).

3. Perceived entertainment mediated the relationship between relevant advertising and
advertising attitude (effect size = 0.087, Boot SE = 0.013, 95% CI [0.057, 0.108], z = 6.667,
p < 0.01).

4. Perceived usefulness mediated the relationship between relevant advertising and
purchase intention (effect size = 0.253, Boot SE = 0.019, 95% CI [0.252, 0.325], z = 13.534,
p < 0.01).

These results provide comprehensive support for Hypotheses 5 and 6 regarding the
proposed mediating mechanisms.

6.5.4. Moderating Effects Test

1. Divergent Advertising Moderating Effect Analysis

Hierarchical regression analysis was employed to examine the moderating role of
product involvement (PI), following established analytical protocols [78]. Predictor vari-
ables were mean-centered to mitigate multicollinearity, and interaction terms were created
by multiplying the centered scores of divergent advertising and PI. Models 1–3 tested PI’s
moderation of the relationship between divergent advertising and perceived usefulness
(PU), while Models 4–6 tested its moderation of the relationship between divergent ad-
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vertising and perceived entertainment (PE). No severe multicollinearity concerns were
detected, as all variance inflation factor (VIF) values remained below 5.

The analysis revealed significant interaction effects (Table 11):

Table 11. Moderating Effects Test of Divergent Advertising.

Variable
Perceived Usefulness Perceived Entertainment

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Constant 5.228 ** 5.223 ** 5.168 ** 3.824 ** 3.815 ** 3.875 **
Gender −0.138 −0.129 −0.102 −0.152 * −0.138 * −0.168 **

Age groups −0.058 * −0.066 ** −0.050 * 0.048 * 0.035 0.019
Occupation 0.001 0.003 0.007 −0.003 0.000 −0.004

Monthly income range −0.013 −0.011 −0.008 0.002 0.005 0.002
Divergent advertising 0.216 ** 0.182 ** 0.182 ** 0.484 ** 0.431 ** 0.430 **
Product involvement −0.278 ** −0.276 ** −0.436 ** −0.439 **

Divergent advertising *
Product involvement 0.172 ** −0.187 **

VIF 1.044 1.045 1.002 1.044 1.045 1.002
R2 0.052 0.102 0.165 0.238 0.35 0.418
F 20.007 34.764 51.739 114.269 164.484 187.464

* p < 0.05, ** p < 0.01.

For perceived usefulness (PU), the interaction term between divergent advertising
and PI exhibited a significant positive effect (β = 0.172, p < 0.001), indicating that higher
levels of PI strengthen the positive relationship between divergent advertising and PU. As
illustrated in Figure 8, the positive effect was more pronounced under high-PI conditions
(M + 1SD) compared to low-PI conditions (M − 1SD) (0: Slope of the High PI group = 4.81;
slope of the Low PI group = 5.53; 1: Slope of the High PI group = 5.21; slope of the Low PI
group = 5.49).

Figure 8. Moderating Effect Diagram of Product Involvement on the Relationship between Divergent
Advertising and Perceived Usefulness.

For perceived entertainment (PE), the interaction term demonstrated a significant
negative effect (β = −0.187, p < 0.001), indicating that higher levels of PI weaken the positive
relationship between divergent advertising and PE. As shown in Figure 9, the positive
effect was attenuated under high-PI conditions relative to low-PI conditions (0: Slope of the
High PI group = 3.30; slope of the Low PI group = 4.44; 1: Slope of the High PI group = 3.49;
slope of the Low PI group = 5.12)
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Figure 9. Moderating Effect Diagram of Product Involvement on the Relationship between Divergent
Advertising and Perceived Entertainment.

These findings confirm the moderating role of PI in divergent advertising effects,
supporting the corresponding components of Hypothesis 7.

2. Relevant Advertising Moderating Effect Analysis

The same hierarchical regression protocol was applied to test PI as a moderator of
relevant AI advertising outcomes. Predictors were mean-centered, and interaction terms
were constructed accordingly. Again, no severe multicollinearity issues were present. The
results are presented in Table 12:

Table 12. Moderating Effects Test of Relevant Advertising.

Variable
Perceived Usefulness Perceived Entertainment

Model 7 Model 8 Model 9 Model 10 Model 11 Model 12

Constant 4.974 ** 4.982 ** 5.016 ** 3.610 ** 3.650 ** 3.603 **
Gender −0.111 * −0.108 * −0.105 −0.192 * −0.178 * −0.183 **

Age groups −0.014 −0.018 −0.01 0.117 ** 0.093 ** 0.083 **
Occupation 0.021 0.021 0.019 0.021 0.020 0.023

Monthly income range −0.014 −0.013 −0.014 −0.008 −0.003 −0.002
Relevant advertising 0.706 ** 0.685 ** 0.654 ** 0.233 ** 0.119 ** 0.162 **
Product involvement −0.088 ** −0.070 ** −0.479 ** −0.503 **
Relevant advertising *
Product involvement 0.094 ** −0.128 **

VIF 1.088 1.123 1.103 1.088 1.123 1.103
R2 0.462 0.467 0.484 0.064 0.192 0.221
F 314.486 266.982 245.009 25.104 72.433 74.057

* p < 0.05, ** p < 0.01.

For perceived usefulness (PU), the interaction term between relevant advertising and
PI showed a significant positive effect (β = 0.094, p < 0.001), demonstrating that higher
PI strengthens the positive relationship between relevant advertisements and PU. This
enhancing effect is visualized in Figure 10 (0: Slope of the High PI group = 4.93; slope of the
Low PI group = 5.11; 1: Slope of the High PI group = 5.70; slope of the Low PI group = 5.64).
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Figure 10. Moderating Effect Diagram of Product Involvement on the Relationship between Relevant
Advertising and Perceived Usefulness.

For perceived entertainment (PE), the interaction term exhibited a significant negative
effect (β = −0.128, p < 0.001), indicating that higher PI weakens the positive relationship
between relevant advertisements and PE. This attenuating effect is depicted in Figure 11
(0: Slope of the High PI group = 2.95; slope of the Low PI group = 4.26; 1: Slope of the High
PI group = 2.95; slope of the Low PI group = 4.58).

Figure 11. Moderating Effect Diagram of Product Involvement on the Relationship between Relevant
Advertising and Perceived Entertainment.

These results collectively validate Hypothesis 7, confirming that product involvement
positively moderates the relationship between AI advertisements (both divergent and
relevant) and perceived usefulness, while negatively moderating their relationship with
perceived entertainment.

7. Discussion
7.1. Overall Conclusions and Hypothesis Summary

The integrated dual-path cognitive model, grounded in the Elaboration Likelihood
Model and Attention Allocation theory, received robust empirical support. The findings
confirm that divergent and relevant AIGC advertisements guide consumer responses
through distinct cognitive routes—peripheral and central, respectively—mediated by per-
ceived entertainment and perceived usefulness and moderated by product involvement.
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The verification outcomes for all proposed hypotheses are conclusively summarized in
Table 13.

Table 13. Summary of Hypothesis Testing Results.

Hypothesis Statement Verification Result

H1
Relevant AI advertisements significantly enhance
consumers’ product attention compared to divergent
AI advertisements.

Supported

H2
Divergent AI advertisements significantly enhance
consumers’ non-product attention compared to
relevant AI advertisements.

Supported

H3 Relevant AI advertisements significantly enhance
consumers’ purchase intention. Supported

H4 Divergent AI advertisements significantly enhance
consumers’ advertising attitudes. Supported

H5 Perceived usefulness (PU) mediates the effect of AI ad
types on purchase intention.

Supported
(The specific partial/full mediation

pattern as theorized was confirmed).

H6 Perceived entertainment (PE) mediates the effect of AI
ad types on advertising attitude.

Supported
(The specific partial/full mediation

pattern as theorized was confirmed).

H7 Product involvement (PI) moderates the relationships
between AI ad types and perceived values (PU & PE). Supported

7.2. General Discussion

The findings from the three studies provide converging evidence for the proposed
dual-path cognitive model. Eye-tracking Experiments 1 and 2 robustly established the
fundamental attentional mechanism: relevant advertisements systematically guide atten-
tion toward product regions, whereas divergent advertisements guide attention toward
non-product elements (supporting H1 and H2). The subsequent empirical study extends
this foundation by demonstrating that these distinct attention pathways translate into differ-
entiated psychological outcomes: product attention fosters purchase intention through the
mediation of perceived usefulness (supporting H3 and H5), while non-product attention
enhances advertising attitude through the mediation of perceived entertainment (support-
ing H4 and H6). The consistent identification of product involvement as a significant
moderator (supporting H7) further unifies the model across methodological approaches.
Collectively, this multi-method investigation provides a coherent narrative—tracing the
pathway from initial, implicit attention allocation to subsequent explicit perceptual and
behavioral responses—thereby solidifying the model’s explanatory power.

7.2.1. Theoretical Mechanism Interpretation: Validating and Extending the ELM in the
AIGC Context

The findings provide robust, multi-method support for the Elaboration Likelihood
Model (ELM), while simultaneously extending its application to the novel context of AIGC
advertising. Our eye-tracking data offer objective physiological evidence for the distinct
cognitive routes postulated by the ELM. We confirmed that relevant AI advertisements
systematically direct product attention, thereby activating the central route of processing.
This aligns with the ELM’s proposition that individuals engage in systematic, effortful
evaluation when sufficiently motivated and able to process information [18,41]. This deep
cognitive engagement facilitates a thorough assessment of product utility, thereby enhanc-
ing perceived usefulness and ultimately strengthening purchase intention.
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Conversely, divergent AI advertisements capture non-product attention, effectively
triggering the peripheral route. Under this low-effort processing mode, consumers rely
on heuristic cues, such as creative and entertaining elements [62]. Sustained attention to
these peripheral cues, as facilitated by the mere exposure effect [60], enhances familiarity
and positive affect, consequently boosting perceived entertainment and fostering favorable
advertising attitudes. This clear delineation of attention allocation and its subsequent
perceptual outcomes provide a more granular understanding of the “route switching”
mechanism within intelligent advertising environments.

Furthermore, the moderating role of product involvement aligns precisely with the
ELM’s core tenets. The finding that high PI strengthens the central path (PU → Pur-
chase Intention) while low PI amplifies the peripheral path (PE → Advertising Attitude)
underscores that motivation is a critical boundary condition for AIGC advertising effective-
ness [52,58]. Our study thus not only validates the ELM but also enriches it by quantifying
its initial cognitive stage (attention allocation) and specifying its application boundaries in
the era of artificial intelligence.

7.2.2. The Unique Attributes of AIGC Advertising and Consumer Response

While our findings robustly support the dual-path model, it is crucial to contextual-
ize them within the unique ecosystem of AIGC, which introduces distinctive consumer
perceptions that present both opportunities and challenges.

First, the perceived controllability of AIGC systems significantly influences consumer
trust. When confronted with technology-driven decisions, consumers often experience
a perceived loss of control, rooted in the feeling that “their needs are being overlooked,”
which can ultimately exert a negative impact on corporate evaluations [5]. This perceived
lack of agency might attenuate the positive effects mediated through both central and
peripheral routes, suggesting that enhancing user control in the advertisement generation
or interaction process could be pivotal for improving effectiveness.

Second, the anthropomorphism inherent in many AIGC advertisements constitutes
a double-edged sword. While moderate anthropomorphism can enhance acceptance,
overly realistic yet subtly flawed AI-generated content may trigger the “uncanny valley
effect” [24,33], inducing viewer discomfort and potentially negating the positive impact of
perceived entertainment in divergent advertisements. This sense of eeriness can directly
impair attitudes toward both the advertisement and the brand [24].

Third, creative transparency—specifically, whether and how to disclose the AI origin
of an advertisement—presents a complex strategic dilemma. Research indicates that
transparent AI disclosure, particularly when paired with poor content quality, may trigger
consumer skepticism and distrust [14]. This suggests that the effectiveness of disclosure is
moderated by factors such as content quality, brand reputation, and individual consumer
differences, thereby imposing more refined demands on brands’ disclosure strategies [14].

Furthermore, we postulate that creative transparency itself may influence attention
allocation. For instance, if consumers know an advertisement is AI-generated, they might
allocate more non-product attention to divergent ads due to heightened curiosity about “al-
gorithmic creativity,” while scrutinizing product information in relevant ads more critically
due to concerns about “algorithmic bias” [79]. This potential moderating effect of AIGC
awareness on the initial attention stage warrants further investigation.

It is also important to note that consumer perception of AIGC advertisements is
not unidirectionally positive. Upon identifying an AI-generated ad, consumers often
experience “algorithm aversion” due to the perceived “coldness” of machine-generated
content—a perception stemming from the notion that such content “lacks emotion and
authenticity” [44]. This diminished perceived authenticity and credibility exacerbates the
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trust dilemma, evolving into “ad skepticism,” which directly weakens the credibility of the
advertised information [54].

Concurrently with declining trust, consumers may exhibit resistance toward AIGC
ads. AIGC’s capacity for strong personalization is a “double-edged sword,” as excessive or
inappropriate personalization can create a sense of intrusion, prompting advertisement
avoidance [80]. Ethical concerns associated with AIGC ads, including those regarding
data privacy and algorithmic bias [79,80], further fuel negative consumer perceptions.
These observations align with prior research documenting negative relationships between
AI distrust and both advertising attitudes [60] and purchase intentions [81]. Therefore,
the perceptual mechanisms underlying responses to AI advertisements are likely more
complex than the positive pathways identified in this study, incorporating significant
negative elements that warrant deeper exploration.

7.2.3. Limitations and Boundary Conditions

This study has several limitations that should be acknowledged. First, while the
divergent versus relevant taxonomy proved valid and effective, it may not fully capture
the characteristics of hybrid advertisements that blend both creative approaches. Second,
the sample, though statistically adequate for the eye-tracking experiments, was primarily
composed of younger, educated demographics, which potentially limits the generaliz-
ability of the findings to broader populations. Third, the experimental setting, utilizing
fixed advertisement exposure times, may not fully reflect the dynamics of naturalistic
viewing behaviors.

Moreover, this study primarily focused on elucidating the positive mediating mech-
anisms (perceived usefulness and entertainment). Future research should integrate the
discussed negative perceptions—such as distrust, eeriness, and algorithm aversion—to
construct a more comprehensive and balanced model of AIGC advertising effectiveness.
Furthermore, systematically comparing the effectiveness of AIGC advertisements against
human-created advertisements, as suggested by related research in live-streaming e-
commerce [82], would help clarify the unique value, boundaries, and shortcomings of
AIGC ads. Such comparative work could provide advertisers with crucial strategic insights
for optimizing human-AI collaboration in advertising creation and deployment.

7.3. Theoretical Contributions and Practical Implications
7.3.1. Theoretical Contributions

1. Integrating Objective Attention Metrics to Empirically Validate the ELM in AIGC
Advertising.

Prior applications of the ELM in advertising have predominantly relied on self-
reported measures to infer the operation of central and peripheral routes [18,41]. This
study addresses this limitation by integrating eye-tracking metrics as objective, physio-
logical evidence of attention allocation. We directly link product attention to the central
route and non-product attention to the peripheral route, thereby providing quantifiable,
pre-conscious evidence for the “route switching” mechanism. This approach bridges a criti-
cal gap between traditional persuasion theories and modern neurophysiological methods,
offering a more robust framework for understanding cognitive processing in the context of
AIGC advertising.

2. Refining the Moderating Role of Product Involvement and Delineating its Boundary
Conditions in AIGC Contexts.

While the moderating effect of product involvement is well-established in traditional
advertising [48,52], its function within the AIGC landscape remained unclear. This study
clarifies its role by demonstrating that PI not only influences route selection but also



J. Theor. Appl. Electron. Commer. Res. 2025, 20, 339 38 of 44

systematically moderates the strength of the mediating effects of perceived usefulness and
perceived entertainment. We found that high PI significantly amplifies the mediating role of
PU in the central route, while low PI enhances the mediation of PE in the peripheral route.
This refinement provides a more precise and nuanced understanding of how individual
differences interact with AI-generated stimuli, specifying the application boundaries of
classic involvement theory in the intelligent advertising era.

3. Confirming the Dual-Value Nature of AIGC Advertisements and Providing Contex-
tual Support for the Dual-Value Model.

Existing research on advertising value often emphasized a primary orientation, either
utilitarian or hedonic [12,38]. Our empirical results demonstrate that AIGC advertisements
inherently possess dual-value properties. Relevant ads, while primarily utility-focused,
still generate a significant mediating effect through perceived entertainment. Conversely,
divergent ads, though emphasizing affective value, can still trigger the central route via
perceived usefulness. This finding provides strong contextual support for the dual-value
perspective of advertising effectiveness [46] within the AIGC scenario, confirming that
intelligently generated content can simultaneously deliver both utilitarian and hedonic
value, thereby enriching the theoretical understanding of AIGC’s value proposition.

7.3.2. Practical Implications

1. Providing Precise Guidance for AIGC Advertising Creativity and Content Generation

This study confirms that divergent and relevant AIGC advertisements trigger dif-
ferentiated cognitive responses among consumers. Advertisers must first clarify their
marketing objectives: if the core goal is short-term promotion, improved conversion rates,
and enhanced purchase intention, the relevant strategy should be prioritized. This involves
guiding AI to generate content that highlights product functions, usage scenarios, and
demand relevance, thereby ensuring the advertisement’s practicality. If the focus is on
long-term brand building, improved brand image, and enhanced favorability, the diver-
gent strategy is preferable—encouraging AI to generate novel, interesting, and artistically
appealing content to strengthen the brand’s creative attributes. This “objective-type” match-
ing principle helps enterprises transform AIGC from a “blind trial-and-error” tool into a
“goal-driven” strategic tool.

2. Refining Advertising Effect Measurement and Media Placement

Breaking the limitation of traditional single-indicator evaluation, this study proposes
a differentiated approach: for relevant advertisements, the focus should be on monitoring
central route indicators (e.g., product click heatmaps, inquiry volume, add-to-cart rate,
conversion rate); for divergent advertisements, emphasis should be placed on peripheral
route indicators (e.g., ad dwell time, sharing rate, engagement rate, brand search volume).
In terms of media placement, divergent advertisements are suitable for brand exposure
channels such as social media feed streams and splash ads, while relevant advertisements
should be accurately placed on channels targeting high-purchase-intention audiences
(e.g., search engines, e-commerce recommendation positions). This enables the optimized
allocation of marketing budgets.

3. Deepening Practical Insights for Personalized Marketing

Given the key boundary role of product involvement, advertisers should not rely
solely on demographic or browsing behavior data when implementing AIGC-based per-
sonalized marketing. Instead, they need to additionally introduce user preference variables
related to product involvement. By identifying users’ involvement levels with different
products, advertisers can dynamically generate AIGC advertisements that match users’
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cognitive processing modes. This ensures that personalized content not only aligns with
user profiles but also matches their cognitive logic, significantly improving marketing
accuracy and efficiency.

7.4. Limitations and Future Research

While this study contributes significantly to understanding the cognitive and per-
ceptual mechanisms of AIGC advertising, several limitations should be acknowledged to
guide future research directions:

1. Sample Representativeness: Although the eye-tracking experiment achieved adequate
statistical power, the participant pool was predominantly composed of university
students. This reliance on a demographic characterized by higher technological
receptivity but potentially lower independent purchasing power may limit the gener-
alizability of findings to broader consumer populations with more diverse product
involvement profiles. Future research should expand sampling strategies to include
participants across different age groups and socioeconomic brackets to validate the
moderating effects of product involvement and enhance the ecological validity of
the findings.

2. Advertising Modality Constraints: The current investigation focused exclusively on
static AI-generated advertisements, neglecting increasingly prevalent dynamic for-
mats such as video or interactive content. Given that dynamic advertising has been
demonstrated to enhance attention capture and memory retention, the relationships
observed between advertisement type and consumer outcomes in this study might
differ in more immersive formats. Furthermore, creative elements were operational-
ized dichotomously (divergent versus relevant) rather than as continuous dimensions.
Future research could employ multi-dimensional creativity scales to explore potential
curvilinear effects and investigate how these relationships manifest in interactive
advertisement formats.

3. Methodological Boundaries: The laboratory controls implemented, while necessary
for internal validity, introduced two primary constraints: reduced ecological validity
compared to natural media consumption contexts and potential biases inherent in
self-reported perceptual measures. To address these limitations, future research
should consider

(1) Integrating neuroimaging techniques (such as fNIRS or EEG) with eye-
tracking to map the neural pathways connecting attention allocation and
emotional processing;

(2) Conducting field experiments that monitor advertisement engagement within
authentic social media feeds using platform APIs;

(3) Employing implicit measures (e.g., the Implicit Association Test) to assess
unconscious biases toward AI-generated content.
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Appendix A
Eye-Tracking Experiment on Dynamic AIGC Advertisements

To address the ecological validity of the current findings and generalize the attention
mechanisms to contemporary advertising formats, this study extends the investigation
to dynamic AIGC advertisements. The primary objective is to examine whether the dif-
ferential attention allocation patterns elicited by divergent versus relevant AIGC ads, as
established with static images in Study 1, are replicated in the context of short-form video
advertisements.

1. Participants

A new cohort of 40 participants (aged 18–35) were recruited, adhering to the same
visual and experiential criteria as Study 1. To enhance demographic diversity, recruitment
will extend beyond undergraduates to include graduate students and young professionals.
Participants will be randomly assigned to either a divergent (n = 20) or relevant (n = 20)
dynamic ad group.
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2. Experimental Design

A mixed experimental design is employed. The assignment to AI Ad Type (Divergent
vs. Relevant) is a between-subjects factor. The comparison of Ad Modality (Static vs.
Dynamic) constitutes a within-subjects factor at the study level, achieved by comparing
the results of this study with those of Study 1. This design allows for a direct test of the
robustness of the effects across stimulus formats.

3. Stimuli Preparation

Building on the four product categories (Laptop, Earphone, Badminton, Coffee) and
their validated creative concepts from Study 1, a set of dynamic advertisements was gen-
erated. For each product, a 15 s vertical video (1080p resolution, 9:16 aspect ratio) was
produced. The expert panel from Study 1 developed storyboards to ensure the dynamic
content faithfully translated the core narrative of either utility (Relevant) or novelty (Di-
vergent). AIGC video tools (e.g., KlingAI 2.5 & Dreamina 4.0) were utilized for initial
generation, followed by standardized post-production in Adobe Premiere Pro to ensure
consistency in audio and visual quality. A separate pre-test (n = 40) confirmed the successful
manipulation of divergence and relevance in the dynamic format.

4. Apparatus and Procedure

The experimental apparatus was identical to Study 1. The procedure was adapted for
video stimuli: after a standard 9-point calibration, participants viewed the four dynamic
ads corresponding to their assigned group. Each ad was played twice consecutively
(total 30 s viewing time) to ensure adequate data collection. A 5 s gray fixation cross
preceded each advertisement. Following the eye-tracking session, participants completed
the same questionnaire as in previous studies to measure perceived usefulness, perceived
entertainment, advertising attitude, and purchase intention.

5. Heatmap Analysis

See Section 5.2.6.
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