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Abstract

Virtual influencers generated by artificial intelligence have emerged as a strategic tool
in digital advertising, although evidence regarding their actual effectiveness in market
campaigns remains limited to laboratory experiments based on self-report measures. This
study examines the effect of advertising spokesperson type (human versus AI-generated
avatar) and authorship disclosure (stating or not stating the origin of the advertisement)
on the performance metrics of an actual campaign on the Meta platform. Through a field
experiment with a 2 × 2 factorial design (spokesperson type × authorship disclosure),
stratified by gender and age group, 384 advertisements were placed with a fixed budget
on Facebook, and performance metrics (reach, video plays, clicks, and messages) were
modeled using generalized structural equation modeling (GSEM) with a negative binomial
distribution. The results reveal a trade-off: the AI avatar is associated with 25% more video
plays, but with 13% less reach and 38% fewer clicks, and with no significant difference in
messages. Because impressions were allocated by the platform’s delivery algorithm, these
estimates are read as performance differences under standard algorithmic delivery rather
than as effects of full random assignment of users to conditions. Authorship disclosure
did not show a statistically significant effect on any of the evaluated metrics, nor did its
interaction with spokesperson type, suggesting that stating the origin of the advertisement
can be implemented without a detectable cost to performance, although for messages the
evidence remains inconclusive. The originality of this study lies in providing empirical
evidence based on real behavioral data from an advertising campaign, overcoming the
limitations of experiments relying on self-report measures that predominate in the literature.

Keywords: artificial intelligence; virtual influencers; avatars; advertising performance;
authorship disclosure; digital marketing; field experiment

1. Introduction
Virtual influencers generated by artificial intelligence attract more visual attention

than human spokespersons, yet this advantage does not translate into more favorable
evaluations or stronger purchase intentions [1,2]. This paradox—capturing the gaze with-
out mobilizing action—encapsulates one of the central dilemmas facing the advertising
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industry in its transition toward the automation of persuasive communication [3]. Artificial
intelligence (AI) has established itself as a transformative technology in the global economy,
fundamentally altering business strategies, productivity, and the ways organizations com-
municate with their audiences [4]. In the realm of digital marketing, this transformation
manifests in unprecedented levels of personalization and efficiency spanning from predic-
tive analysis of consumer behavior to the automated generation of synthetic content [5].
One of the most visible expressions of this technological revolution is the emergence
of virtual influencers (VIs), synthetic entities whose market is experiencing exponential
growth driven by strategic advantages such as total control over the message, mitigation of
reputational risks, and uninterrupted availability for global campaigns [6]; see Section 2.1.

However, the effectiveness of AI avatars as advertising spokespersons is far from a
settled question. The literature documents a fundamental tension between the strategic
advantages of these synthetic entities and the psychological barriers of consumers: human
spokespersons continue to be perceived as more credible and trustworthy than their artifi-
cial counterparts [2,7,8], virtual influencers attract more initial visual attention but generate
inferior attitudes and purchase intentions [1], and disclosure of the artificial nature of the
spokesperson can activate persuasion resistance mechanisms that erode credibility and
purchase intention [9–11]. Nevertheless, the majority of these findings stem from laboratory
experiments based on self-report measures, such as purchase intention, attitude toward
the advertisement, or perceived credibility, which, while valuable for understanding the
underlying psychological mechanisms, do not capture the actual behavior of consumers in
their natural media consumption environment.

This reliance on self-reported measures constitutes a significant limitation of the ex-
isting body of knowledge. There is a notable scarcity of research evaluating the impact of
AI-generated spokespersons on the real performance metrics of advertising campaigns on
digital platforms [12]. The aggregate behavioral data reported by advertising platforms—
reach, plays, clicks, conversions—offer an ecologically valid measure of consumer response
that is not subject to social desirability biases or the gap between stated intention and actual
behavior. Similarly, the question of whether AI authorship disclosure affects campaign
performance under real market conditions remains without a satisfactory empirical answer.
The available evidence on the effects of disclosure comes predominantly from controlled ex-
perimental scenarios where the salience of the manipulation is artificially heightened [8,13],
limiting the generalizability of their conclusions to the real advertising context.

Against this backdrop, the present study aims to address this knowledge gap through
a field experiment evaluating the effect of spokesperson type (human versus AI-generated
avatar) and authorship disclosure (stating or not stating the origin of the advertisement)
on the performance metrics of an actual advertising campaign on the Meta platform. A
2 × 2 factorial design (spokesperson type × authorship disclosure) was implemented,
stratified by gender and age group of the target audience, for a total of 384 observations.
Performance metrics (reach, video plays, clicks, and messages) were modeled using a
generalized structural equation model (GSEM) with a negative binomial distribution. This
approach enables overcoming the limitations of self-report-based studies by capturing
the actual behavior of the audience in response to advertising materials in their natural
consumption environment.

The results reveal a paradoxical finding: the AI avatar succeeds in capturing the
audiovisual attention of the audience and increasing video plays, but this advantage does
not translate into greater interaction. On the contrary, reach—a delivery metric determined
by the platform’s algorithm rather than a deliberate consumer action—and, more markedly,
clicks, which do involve active interaction, are significantly reduced compared to the
human spokesperson, with spokesperson type exerting no effect whatsoever on messages.
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This trade-off between attention and action constitutes a relevant empirical contribution to
the debate on the effectiveness of synthetic spokespersons. Equally significant, authorship
disclosure did not show a significant effect on any of the evaluated metrics, suggesting
that transparency regarding the use of AI can be implemented without a detectable cost to
campaign performance, although for messages the evidence remains inconclusive.

2. Theoretical Framework
2.1. Artificial Intelligence and AI Avatars in Digital Marketing

The capacity of AI to sustain predictive analysis of consumer behavior and the au-
tomated generation of synthetic content enables brands to anticipate market needs and
optimize the return on advertising investment [14,15]. In this context, virtual influencers
(VIs) emerge, defined as computer-generated characters with distinct personalities and
narratives, designed to influence consumer behavior through digital platforms [3,6]. These
avatars represent the culmination of diverse technological capabilities by integrating per-
sonalization, automation, and content generation into a single strategic asset [6]. The virtual
influencer market is experiencing exponential growth driven by strategic advantages such
as total control over the message, mitigation of reputational risks associated with human
figures, uninterrupted availability for global campaigns, and greater long-term profitabil-
ity [16,17]. Cases such as Lil Miquela and Lu do Magalu illustrate the capacity of these
entities to generate brand recognition on an international scale [18]. Companies investing
in these assets seek not only immediate advertising returns but also the construction of
intellectual property aligned with the intangibles economy [4].

However, the effectiveness of avatars is not absolute and is mediated by consumer
psychology. Despite advances in visual realism, evidence suggests that human spokesper-
sons continue to be perceived as more credible and trustworthy [2,7,8]. Direct human
interaction establishes a level of trust that technology has yet to fully replicate [19]. This
relationship becomes more complex when considering that avatar type influences perceived
credibility in a nonlinear fashion: hyperrealistic avatars may generate rejection due to the
uncanny valley effect [20], whereas avatars with a fictitious appearance show no significant
differences in credibility compared to human spokespersons [21]. This tension between
the strategic advantages of avatars and consumer psychological barriers makes it essential
to analyze their impact through theoretical frameworks that explain human perception of
these artificial entities [3].

2.2. Effect of Spokesperson Type on Advertising Campaign Performance

Online advertising performance refers to the measurement of campaign effectiveness
operationalized through a set of key performance indicators or KPIs [22]. On platforms
such as Meta, these KPIs span the entire marketing funnel, from awareness metrics such as
reach and impressions, visual engagement metrics such as video plays, to deliberate action
metrics such as clicks and message conversions. This sequential hierarchy—exposure,
visual attention, deliberate action, and conversion—aligns with the hierarchical model
of advertising effects [23] and constitutes the organizing framework for the dependent
variables of the present study.

Recent empirical evidence consistently shows that AI spokespersons and avatars gener-
ate greater visual attention than human spokespersons. AI involvement in advertisements
evokes consumer curiosity, which increases engagement with advertising content [24], and
eye-tracking evidence confirms that AI-generated advertisements capture visual attention
comparable to or greater than advertisements with real models, particularly in fixation time
and number of fixations [25]. A plausible explanation is that perceived novelty mediates the
relationship between AI-generated advertising and behavioral intentions, and AI endorsers
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with human-like appearance can evoke greater engagement than human endorsers and
facilitate the acceptance of new products [26].

However, the visual attention captured by AI avatars does not necessarily translate
into deliberate consumer actions. Evidence indicates that AI spokespersons reduce em-
pathy and advertising effectiveness on action metrics, an effect attenuated only when the
avatar exhibits elevated anthropomorphic cues [27]. The incongruence between virtual
influencers and products requiring experiential evaluation equally reduces persuasive ef-
fectiveness [28]; for hedonic products, human influencers are significantly more persuasive
than virtual ones [29]; and when the human-likeness and behavioral authenticity of virtual
influencers are low, consumer behavioral responses are significantly reduced [30]. The
convergence of these findings produces a paradoxical pattern: AI spokespersons capture
more visual attention but generate fewer deliberate actions. AI labels appear to increase
perceived novelty while simultaneously reducing authenticity, which is consistent with the
coexistence of positive effects on attention metrics and negative effects on action metrics
within the same advertising stimulus. Nevertheless, much of the existing evidence in this
area tends to come from laboratory experiments and surveys relying on intention measures
rather than actual behavior. Few studies have examined whether this pattern of greater
visual attention and fewer deliberate actions replicates with real behavioral data from an
advertising platform, documenting the simultaneous coexistence of both effects within the
same field experiment. Based on the foregoing, the following hypotheses are proposed:

H1a. Spokesperson type (AI avatar versus human) significantly influences the reach of the
advertising campaign.

H1b. Spokesperson type (AI avatar versus human) significantly influences the video plays of the
advertising campaign.

H1c. Spokesperson type (AI avatar versus human) significantly influences the clicks of the
advertising campaign.

H1d. Spokesperson type (AI avatar versus human) significantly influences the messages generated
by the advertising campaign.

2.3. Effect of Authorship Disclosure on Advertising Performance

The decision to reveal that advertising content has been created or fronted by artificial
intelligence introduces an additional layer of complexity that can alter campaign perfor-
mance. Recent evidence suggests that AI authorship disclosure produces simultaneous
and opposing effects: on one hand, it increases the perceived novelty of the content, which
can improve attitudes toward the advertisement, and on the other, it may reduce perceived
authenticity, thereby activating consumer skepticism.

The stream of research documenting negative disclosure effects is consistent. AI
disclosure reduces advertising effectiveness, and brand strength can buffer this negative
effect [31]. Convergently, disclosure of AI-generated content is generally understood to
negatively affect consumer attitudes and behavioral intentions, with source type likely
acting as a relevant moderating factor. Disclosure timing is also determinant, as early
disclosure could reduce attitudes toward the advertisement when the appeal is rational,
though this effect would plausibly be attenuated when the appeal is emotional.

Nevertheless, the disclosure effect is not universally negative. AI disclosures and
media literacy determine the recognition of AI influencers, but this recognition does not
always translate into significant behavioral changes, suggesting that disclosure may have
limited effects when other visual cues already signal the artificial nature of the content. In
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emerging markets, AI disclosure can significantly increase trust, which in turn positively
mediates purchase intention [32].

The existing evidence, however, comes from attitudinal and intentional measures
obtained in controlled experimental settings. There is little empirical evidence on the
effect of AI authorship disclosure on real behavioral metrics within active advertising
campaigns on social media. Moreover, existing studies evaluate disclosure in contexts
where AI-generated content is not visually distinguishable from human content. Based on
the foregoing, the following hypotheses are proposed:

H2a. Explicit AI authorship disclosure will significantly affect the reach of the advertising campaign.

H2b. Explicit AI authorship disclosure will significantly affect the video plays of the advertising
campaign.

H2c. Explicit AI authorship disclosure will significantly affect the clicks of the advertising campaign.

H2d. Explicit AI authorship disclosure will significantly affect the messages generated by the
advertising campaign.

Throughout H2 and H3, authorship disclosure denotes the presence of a statement
of the advertisement’s origin in the ad copy, as against its absence. Its wording is not
identical across spokesperson conditions—“Contenido creado con IA” (content created
with AI) in the avatar condition and “Elaboración propia” (own production) in the human
condition—because in each case it states the actual origin of the stimulus; Section 3.2 details
this operationalization and Section 6 discusses the limitation it entails.

2.4. Interaction Between Spokesperson Type and Authorship Disclosure

The interaction between spokesperson type and authorship disclosure constitutes a
relevant aspect of the proposed model. The central prediction is that the disclosure effect
is not uniform but operates differentially according to spokesperson condition. In the AI
avatar condition, the artificial nature of the spokesperson is visually evident, as the avatar
possesses stylistic characteristics that distinguish it from a real human. Therefore, verbal
AI authorship disclosure provides information that the viewer can already infer visually.
Evidence indicates that even subtle cues about the virtual nature of the influencer can
reduce brand responses, although to a lesser extent than prominent disclosures [33], and
that the modality of the AI cue—visual versus verbal—is a determining factor in disclosure
impact, as disclosing that the image was AI-generated has different effects than disclosing
that the text was AI-generated [34].

In contrast, in the human spokesperson condition the authorship statement declares
a human origin (see Section 3.2), which the visual cues already support. The verbal
cue is thus congruent with the stimulus, as it is in the avatar condition, yet it differs in
informational status: it makes explicit an assumption the viewer would hold by default,
rather than confirming a visible departure from it. This asymmetry in the relation between
what is seen and what is declared could differentially modulate the effect on engagement
metrics. Evidence suggests that the visual context modulates the effect of verbal disclosure
and that strategic disclosure of AI involvement functions as a boundary condition whose
impact varies according to consumer prior expectations [35]. Nevertheless, the cited studies
have examined the interaction between disclosure format and content type in controlled
experimental settings, but none has specifically tested whether verbal authorship disclosure
differentially affects the human spokesperson and the avatar on real behavioral metrics
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from active advertising campaigns. Based on the foregoing, the following hypotheses are
proposed:

H3a. Authorship disclosure will significantly moderate the effect of spokesperson type on the reach
of the advertising campaign.

H3b. Authorship disclosure will significantly moderate the effect of spokesperson type on video plays.

H3c. Authorship disclosure will significantly moderate the effect of spokesperson type on the clicks
of the advertising campaign.

H3d. Authorship disclosure will significantly moderate the effect of spokesperson type on the
messages generated by the advertising campaign.

2.5. Sociodemographic Variables: Receiver Gender and Age

Beyond the aforementioned variables that articulate the central hypotheses of the
model, the literature on virtual influencer marketing identifies receiver gender and age as
factors with independent explanatory and control capacity.

Regarding gender, evidence indicates that women and men differentially process
credibility and authenticity signals from virtual influencers. The effects of visual and
behavioral realism of the spokesperson on trust and purchase intention differ according to
the VI’s gender [35], and gender similarity between the receiver and the virtual influencer
has direct effects on attitudes and behavioral intentions, with more intense responses
when dimensions of homophily align simultaneously [36]. In the domain of parasocial
relationships, the influence of these bonds on purchase intention is significantly stronger in
women than in men [37]. However, meta-analytic evidence documents that women exhibit
greater aversion to AI [34], suggesting that the effect of gender on advertising performance
with avatars could be modulated by the interaction between greater emotional receptivity
and greater technological resistance.

Regarding age, this variable articulates two influence mechanisms in potentially
opposing directions. On one hand, younger generations exhibit greater familiarity with
and acceptance of VIs [38,39], which could translate into higher engagement metrics under
the AI avatar condition, reducing the effectiveness gap with the human spokesperson.
On the other hand, Processing Speed Theory [40] posits that older consumers require
more time to integrate new information, which could amplify or attenuate disclosure
effects depending on the age group. In the context of legal education, the persuasive effect
of digital avatars is more pronounced among older individuals, suggesting that format
novelty may be more impactful in segments with less prior exposure [41]. Counter to
intuition, millennials are more receptive to AI recommendations and disclosure labels
than Generation Z, possibly because younger individuals are more desensitized to these
technologies [42]. This complexity justifies the inclusion of both variables as controls with
moderating potential in the experimental design.

It should be noted that the hypotheses of this study were formulated in a non-
directional manner, that is, without anticipating the specific direction of the relationship
between the independent variables and the advertising performance metrics. This method-
ological decision is grounded in three reasons. First, research on the impact of AI avatars
on real behavioral metrics of advertising campaigns constitutes an emerging area where
prior findings, predominantly based on self-report measures in controlled settings, are
insufficient to predict with certainty the direction of effects in a real market environment.
Second, the theoretical review reveals mixed or contradictory findings regarding the same
phenomena across different contexts and platforms—avatars capture more visual attention
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but generate fewer deliberate actions, and disclosure increases perceived novelty but re-
duces authenticity—which precludes confidently anticipating the direction of the effect.
Third, the interaction between factors in tension—the particularities of Meta’s delivery
algorithm, the Latin American cultural context, and the divergent findings from other
regions and platforms—generates an uncertainty that justifies not committing the research
to directional predictions that could prove incorrect for at least one of the metrics analyzed.

The proposed research model (Figure 1) integrates these relationships by experimen-
tally manipulating spokesperson type and authorship disclosure as independent vari-
ables, measuring their effects on four behavioral metrics—reach, video plays, clicks, and
messages—and incorporating receiver gender and age group as control variables.

Figure 1. Research Model.

In summary, the hypotheses are organized into three groups following the logic of the
advertising funnel: H1a–H1d predict differentiated effects of spokesperson type on each
performance metric; H2a–H2d predict a significant effect of authorship disclosure; and H3a–
H3d predict an interaction between both factors. Figure 1 integrates these relationships
in the research model. The predictions are empirically evaluated in Section 4, where
reminders of each hypothesis’s content are incorporated alongside the corresponding
results to facilitate reading.

3. Methodology
3.1. Approach and Experimental Design

To address the objectives of this research, an experimental approach was adopted,
given that this method enables controlling extraneous variables and focusing specifically
on the impact of spokesperson type on digital advertising performance metrics [43]. This
precision and control enable a clearer interpretation of the direct effects of the spokesperson,
a crucial aspect for understanding the influence of artificial intelligence (AI) on digital
communication.

Unlike laboratory experiments based on self-report, this study implemented a field ex-
periment through a paid advertising campaign on the Meta platform, enabling the capture
of the audience’s actual behavior in response to the advertising materials. A 2 × 2 factorial
design was employed (spokesperson type: human spokesperson versus AI-generated
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avatar; authorship disclosure: stating or not stating the origin of the advertisement in the
ad copy), stratified by two demographic audience segmentation variables: gender (male
or female) and age group (18 to 24 years or 25 to 60 years). The combination of the two
experimental factors with the two stratification variables produced 16 cells, and each cell
was replicated 24 times, for a total of 384 observations. Spokesperson type and authorship
disclosure constitute the independent variables of interest whose interaction is explicitly
modeled in the main GSEM. Gender and age group, although implemented through Meta
Ads Manager’s audience segmentation, are incorporated as main-effect covariates in the
main model; their possible interactions with spokesperson type are examined as sensitivity
analyses (see Section 3.5).

3.2. Stimuli and Procedure

The advertising context corresponded to a campaign for a university in southwestern
Colombia. The message presented in the advertisements was as follows (see Box 1):

Box 1. Advertising Copy Used.

Have you seen the new programs from Universidad del Valle EJECAFETERO?     If you’re in the
Eje Cafetero or Valle del Cauca region, this is your chance to study a career with a real future in the
region.     Write to us and we’ll tell you everything about admissions.

To isolate the effect of spokesperson type, stimuli were constructed in a paired manner
through a four-stage generation process, each supported by a different AI tool. First, the
human spokesperson was recorded delivering the original campaign message; from this
recording, NotebookLM Standard was used to organize and refine the source content and
generate a narrative summary (audio overview) that served as input for the script, without
being directly integrated into the final advertisement. Second, using this input, Gemini
Pro was employed to draft the final version of the script, design the visual image and
appearance of the avatar, and generate the synthetic voice (text-to-speech) to replace the
human spokesperson’s voice. Third, Veo 3 was used to generate the video and avatar
animation from said image and script, including lip synchronization (lip-sync) with the
synthetic voice and the recreation of scenes and audiovisual elements from the original
video. Finally, Vids was used both to complete the generation of the avatar as a virtual
presenter and for the final assembly and editing of the advertisement (cuts, synchronization
adjustments, and export). Through this process, the AI avatar version retained exactly the
same message, script, and audiovisual elements as the human spokesperson version (see
Figures 2 and 3). Thus, the message, script, and audiovisual elements were held constant
across conditions, so that the manipulated dimension was the nature (human or synthetic)
of the spokesperson. Matching does not, however, eliminate the residual differences inher-
ent to the generation technology—voice naturalness, facial movement fluidity, appearance,
and production quality—which remain confounded with spokesperson type and are ad-
dressed as a limitation in Section 6. The operationalization of the authorship disclosure
variable is detailed in the following paragraph.

Both videos shared the same technical production specifications to ensure compara-
bility across conditions. The duration of each advertisement was 35 s, with a resolution
of 1080 × 1080 pixels in square format (1:1 aspect ratio) optimized for the Meta feed, a
frame rate of 30 fps, and H.264 encoding. The delivery style in both versions corresponded
to a spokesperson addressing the camera in a medium shot, presenting the academic of-
fering in a direct and persuasive manner. The script, narrative structure, and duration of
each segment were identical in both versions. Regarding voice characteristics, the human
version employed the natural voice of the recorded person, while the avatar version used
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a synthetic voice generated by Gemini Pro from the same script; speech rate, tone, and
cadence were calibrated to replicate the prosodic characteristics of the human version. The
avatar’s lip synchronization was automatically generated by Veo 3 from the synthetic audio
track. Nevertheless, despite efforts to match both versions, residual differences inherent to
the generation technology—such as voice naturalness, facial movement fluency, or possible
visual artifacts of the avatar—cannot be entirely ruled out and constitute a design limitation
discussed in Section 6.

Figure 2. Human Spokesperson.

Figure 3. AI Avatar. Source: created using artificial intelligence.

It is necessary to specify the operationalization of the authorship disclosure variable.
Disclosure was manipulated as the presence or absence of an authorship statement in the
ad copy, the text accompanying the publication on the Meta platform and the content
of that statement corresponded truthfully to the origin of each stimulus. In the human
spokesperson disclosure condition, the copy included the phrase “Elaboración propia”
(own production), indicating that the advertisement had been produced directly by the
advertiser; in the AI avatar disclosure condition, the copy included the phrase “Contenido
creado con IA” (content created with AI), indicating that both the spokesperson and the
audiovisual content had been generated using artificial intelligence tools. In the non-
disclosure conditions, no authorship statement of any kind appeared in the copy. This
placement in the copy is consistent with disclosure practices for sponsored content on
social media, where information about the origin of the content is communicated in the
publication text [44,45]. The manipulation therefore contrasts the presence of a truthful
provenance statement against its absence within each spokesperson condition; at no point
was an advertisement accompanied by an authorship claim that did not correspond to its
actual production process. Supplementary Material S2 reproduces the four advertisements
as displayed on the platform, showing the complete copy and the position of the authorship
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statement in the disclosure conditions; Figures 2 and 3 present representative frames
of the human spokesperson and of the AI avatar, respectively. This operationalization
underlies the interaction hypothesis (H3). Although both statements are truthful, they
differ in their relation to the visual cues available to the viewer. In the avatar condition, the
statement makes explicit an artificial origin that the stylistic characteristics of the avatar
already suggest, so the verbal cue is largely redundant with the visual one. In the human
spokesperson condition, the statement confirms an origin that the viewer would plausibly
assume by default. It is therefore hypothesized that the effect of disclosure will differ
significantly according to spokesperson condition.

Prior to the campaign launch, a pilot test was conducted with an independent sample
of 20 university students from a program different from the one promoted in the campaign.
Participants viewed the disclosure versions of both spokesperson conditions and were
assessed on whether they identified the authorship statement included in the ad copy: 18
of 20 participants (90%) correctly identified it, indicating that the disclosure manipulation
was perceptible and functioned as intended.

3.3. Advertising Campaign and Data Collection

The advertisements were disseminated on the Facebook platform, using performance
as the campaign objective. Geographic segmentation was restricted to municipalities
within the Coffee Cultural Landscape of Colombia (PCC) located in Valle del Cauca and
Quindío, a territory that, despite being distributed across different departments, shares a
marked cultural homogeneity centered on the coffee-growing tradition, paisa identity, and a
common social and symbolic heritage [46]. This territorial delimitation enabled controlling
for the effect of possible sociocultural differences between regions on performance metrics,
thus isolating the variation attributable to experimental conditions. Segmentation by gender
and age group was configured according to the experimental conditions.

The campaign was configured following the three-level hierarchical architecture of
Meta Ads Manager: campaign → ad set → ad. A single campaign was created with a
performance objective (conversions–messages), grouping all ad sets under a unified budget
and optimization configuration. Within this campaign, 16 ad sets were configured, one
for each scenario of the 2 × 2 factorial design, stratified by gender and age group. Each
ad set defined a unique combination of demographic segmentation (gender × age group)
and creative piece (spokesperson type × authorship disclosure). In this manner, gender
and age segmentation in Meta generates mutually exclusive audiences at the ad set level:
a user classified as a male aged 18–24 cannot simultaneously belong to the female aged
25–60 segment, which eliminates audience overlap between experimental cells defined by
demographic factors [47].

The bidding strategy employed was lowest cost, which is Meta’s default configuration
and delegates bid optimization to the platform’s algorithm to maximize results within the
budget allocated to each advertisement. Placements were configured in automatic mode
(Advantage+ placements), allowing the platform to distribute impressions across available
Facebook placements (Feed, Stories, Reels, In-stream, Search) based on the estimated prob-
ability of conversion. This decision is consistent with methodological recommendations
for field experiments on Meta platforms, which suggest maintaining standard algorithmic
configuration to preserve the ecological validity of the experiment [47,48]. The formal A/B
testing procedure of Meta (Experiments tool) was not employed, given that this tool only
allows comparing a limited number of cells and does not support the 2 × 2 factorial design
required by the study.

Randomization was implemented at two levels. At the first level, the assignment of
the creative piece (spokesperson type × authorship disclosure) to each demographic combi-
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nation (gender × age) was experimentally controlled: the 16 scenarios were defined a priori
and each was replicated 24 times throughout the campaign. At the second level, within
each ad set, the Meta platform randomly assigned eligible users to available impressions
through its real-time bidding system, which selects which user to show each advertisement
to based on an algorithm that combines the advertiser’s bid, the estimated action rate, and
ad quality. This mechanism has been documented as a valid form of quasi-experimental
randomization in the literature on field experiments on digital platforms [49]. The scope of
this randomization requires precision. What was randomly assigned were impressions to
eligible users within each ad set, not users to creative conditions; the assignment of creative
pieces to demographic cells was experimentally controlled and balanced, not randomized
at the user level. Because demographic targeting produces mutually exclusive audiences
across gender × age cells but not across the four creative conditions within a given cell,
a user in the same demographic segment could in principle receive advertisements from
more than one creative condition. Since delivery also depends on the bid, the estimated
action rate, and ad quality, it cannot be ruled out that different creatives reached subaudi-
ences with different response propensities. The estimates reported here are accordingly
interpreted as performance differences under the platform’s standard algorithmic delivery,
rather than as causal effects arising from full random assignment of users to conditions.

Regarding audience overlap and observation independence, it is necessary to distin-
guish two types of possible competition. First, competition between conditions within the
same demographic segment: within a given gender × age cell, the four creative conditions
(human without disclosure, human with disclosure, avatar without disclosure, avatar with
disclosure) were scheduled as independent advertisements with separate budgets. Given
that each advertisement operated with a budget of COP 10,000 (USD 2.72) and reached
an average of 4679 users per advertisement (see Section 4.1), while the eligible population
in the study’s geographic area—the PCC municipalities in Valle del Cauca and Quindío—
amounts to approximately 726,692 inhabitants [50], the fraction of the audience exposed
per advertisement was approximately 0.64% of the available population base (4678.80 ÷
726,692). It should be noted that this proportion, while low, is not by itself sufficient to rule
out cross-advertisement exposure, and that the effectively eligible audience is narrower
than the territory’s total population, since it excludes those who are not active platform
users or who do not meet the targeting criteria. The stable unit treatment value assumption
(SUTVA) required for causal inference [51] therefore rests on the within-advertisement
exposure frequency (median = 1.04; minimum = 1.00) and on the delivery window of
approximately 24 h, rather than on the population share; the possibility that a given user
was exposed to more than one condition over the course of the campaign cannot be entirely
ruled out and is acknowledged as a limitation in Section 6. Second, auction competition:
although advertisements from the same segment participated in the same Meta auction
pool, the budget per advertisement was sufficiently low that the competitive pressure
between experimental conditions was minimal, a scenario analogous to that documented
by Coppock et al. [47] in their field experiment with digital advertising on Facebook.

Regarding frequency and repeated exposure, the unit budget of COP 10,000 de facto
restricted the duration of each advertisement to approximately 24 h before exhausting its
budget, which limits the exposure window and the probability that a user views the same
advertisement more than once. Additionally, Meta implements, by default, a frequency
management system that diversifies delivery among unique users when the campaign
objective is performance, minimizing individual overexposure. The median frequency
observed in the campaign was 1.04 (minimum = 1.00; maximum = 1.11), confirming that
the vast majority of impressions corresponded to single exposures.
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The algorithmic learning phase of Meta, which typically requires approximately 50
optimization events per ad set, is completed rapidly with low budgets and performance ob-
jectives. Nevertheless, given that each individual advertisement constituted an independent
observation with its own budget and delivery period, variations arising from the learn-
ing phase are randomly distributed across experimental conditions and do not introduce
systematic bias. This design is methodologically equivalent to the “micro-experiments”
approach with minimal budgets per cell documented in the literature on field experiments
on social networks [52,53].

Each advertisement was placed with a fixed budget of COP 10,000 (approximately USD
2.72, at an average exchange rate of COP 3680 per USD during the campaign period [54]),
so that each budget injection constituted an independent advertisement and, therefore, a
study observation; in total, 24 advertisements were placed per scenario to complete the 384
observations. The total campaign investment amounted to COP 3,840,000 (approximately
USD 1044) during the period from 14 May to 6 June 2026, distributed across 24 launch
days. Sixteen advertisements were launched on each day, one per scenario, so that daily
outlay was constant at COP 160,000. Spending was therefore identical by construction
across the four experimental conditions: each condition comprised 96 advertisements and
received COP 960,000. Read by factor, that same total splits into COP 1,920,000 per level
of spokesperson type and, again, COP 1,920,000 per level of authorship disclosure. The
observed differences therefore do not stem from unequal budget allocation. Placements
were left on automatic (Advantage+), so the placement mix was determined by the platform;
the campaign export does not disaggregate impressions by placement, so the comparability
of the placement mix across conditions cannot be verified, a limitation acknowledged in
Section 6. This order of magnitude is consistent with the methodological literature on
low-cost field experiments on Meta platforms, which documents budgets of a few dollars
per experimental cell as sufficient to generate controlled exposure and valid behavioral
data, even in emerging economies comparable to Colombia [52,55]. For each advertisement,
the Meta platform reported the performance metrics constituting the dependent variables
of the study: reach, video plays, clicks, and messages. The study received approval from
the ethics committee of Universidad del Valle.

To assess the possible influence of temporal effects on the results, the balance of the
16 experimental conditions was verified across the 24 launch days of the campaign. The
design proved exactly balanced: each of the 16 scenarios appears exactly once on every
launch day, so that the temporal structure is orthogonal by construction to the experimental
conditions. The deposited dataset does not record the calendar date of each launch; it
identifies the position of each launch day within its launch batch, a variable with 11 levels
that group between one and three launch days each instead, so that their cell sizes differ.
This is immaterial to the control they provide: because every launch day carried the
16 scenarios exactly once, any grouping of launch days is balanced with respect to the
experimental conditions by construction, and each of the 11 levels accordingly contains the
16 scenarios in exactly the same proportion. The fixed effects reported below correspond
to this variable, which is why their joint tests carry 10 degrees of freedom rather than 23.
As a robustness analysis, a model with fixed effects for that variable was estimated. The
day effects were jointly significant in three of the four equations (reach: χ2(10) = 88.70;
video plays: χ2(10) = 51.84; clicks: χ2(10) = 163.71; all p < 0.001; messages: χ2(10) = 16.32,
p = 0.091), reflecting day-to-day variation in the platform’s delivery volume. As expected
from a balanced design, however, their inclusion did not alter the experimental coefficients:
reach b = −0.135 versus −0.138; video plays b = +0.224 versus +0.223; clicks b = −0.472
versus −0.476; messages b = −0.053 versus −0.053, and neither authorship disclosure nor
the interaction reached significance in any equation. As a further check, robust standard
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errors clustered by launch day (11 clusters) and by ad set (16 clusters) were estimated. The
coefficients are identical by construction and the substantive conclusions hold under both:
the three spokesperson effects on reach, video plays and clicks retain p < 0.001, and no
disclosure or interaction effect reaches significance (p between 0.171 and 0.848 under day
clustering and between 0.197 and 0.944 under ad-set clustering). Two discrepancies deserve
mention. The interaction on reach moves from p = 0.158 with OIM standard errors and
p = 0.125 with day fixed effects to p = 0.002 under day clustering, but returns to p = 0.197
under ad-set clustering; and the spokesperson effect on messages moves from p = 0.513
with OIM standard errors to p = 0.097 under ad-set clustering, without reaching significance.
Because the cluster-robust variance estimator is known to be downward-biased with as
few as 11 or 16 clusters and its asymptotic properties do not apply, and because the
experimental factors do not vary within an ad set, neither discrepancy is interpreted as
evidence of moderation or of a spokesperson effect on messages; day fixed effects are
therefore reported as the primary temporal control and the two clustered specifications
only as sensitivity checks [47]. Appendix A Table A10 reports the four specifications side
by side for all experimental coefficients.

3.4. Operationalization of Variables

Table 1 summarizes the coding of the independent, control, and dependent variables
used in the analysis.

Table 1. Variable Coding.

Variable Type Coding

Spokesperson type Independent (manipulated) 0 = Human; 1 = AI Avatar
Authorship disclosure Independent (manipulated) 0 = No disclosure; 1 = Discloses
Gender Control 0 = Male; 1 = Female
Age group Control 0 = 18–24 years; 1 = 25–60 years
Reach Dependent Count (non-negative integer)
Video plays (25%) Dependent Count (non-negative integer)
Clicks Dependent Count (non-negative integer)
Messages Dependent Count (non-negative integer)

It is necessary to specify the operational definitions of each metric as reported by the
Meta Ads Manager API, given that the platform offers multiple variants of the same family
of indicators. Reach corresponds to the number of unique individuals (distinct users) who
saw the advertisement at least once; this metric is distinguished from impressions, which
count the total number of times the advertisement was displayed on screen, including
repeated views by the same user. Video plays at 25% records the total number of times—not
unique—that the video was played for at least 25% of its duration (8.75 s for a 35-s video);
this metric includes repeated plays and is activated regardless of whether the user initiated
playback manually or whether the video played automatically in the feed (autoplay).
Clicks correspond to Meta’s “clicks (all)” metric, which counts all click interactions on the
advertisement, including link clicks, reactions (like, love, etc.), comments, shares, clicks on
the image or video, clicks to expand the copy text, and clicks on the advertiser’s profile
name. This distinction is relevant because the observed average of 555 clicks (all) per
advertisement from 4869 impressions (rate of 11.4%) is consistent with typical rates of
clicks (all) on Meta video advertisements but would be atypically high if it corresponded
exclusively to link clicks, whose rates typically range between 0.5% and 2%. Finally,
messages (messaging conversations started) record the number of messaging conversations
initiated through the advertisement’s call-to-action (CTA) button configured with the
“Send message” objective; in the context of this higher education promotion campaign,
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each message represents a lead or prospect who initiated direct contact with the institution,
which is why it is employed as a conversion metric.

Regarding delivery metrics and reporting configuration, the attribution window em-
ployed was Meta’s default configuration of 7 days after click and 1 day after view (7-day
click, 1-day view), meaning that a conversion (message) is attributed to the advertisement
if the user sent the message within 7 days of having clicked on the advertisement or within
24 h of having viewed it without clicking. The average frequency—mean number of times
each unique individual saw the advertisement—was 1.04 (SD = 0.02), confirming that the
vast majority of users were exposed only once to each advertisement. The average cost
per thousand impressions (CPM) was COP 2054 (approximately USD 0.56), consistent
with industry benchmarks for video campaigns in Latin American markets. All metrics
were extracted directly from the Meta Ads Manager panel via CSV download on the day
following the completion of each advertisement, without applying filters or additional
adjustments to the data reported by the platform.

3.5. Empirical Model Specification

Given that the four dependent variables—reach, video plays at 25%, clicks, and
messages—correspond to non-negative integer counts, models from the Poisson–negative
binomial family were considered. Although the Poisson distribution is frequently used for
count data, it assumes equidispersion (variance equal to the mean), an assumption that is
frequently violated in practice, leading to underestimated standard errors and inflated Type
I error rates [56]. The negative binomial distribution relaxes this assumption through an
auxiliary dispersion parameter α that captures extra-Poisson variance [57]. To evaluate the
distributional choice, likelihood ratio (LR) tests were conducted comparing each negative
binomial equation with its Poisson restriction (H0: α = 0) (see Appendix A, Table A2).

The four outcome equations were integrated within a generalized structural equation
model (GSEM). GSEM combines the features of generalized linear models and structural
equation models, enabling the simultaneous treatment of continuous, binary, ordinal,
or count variables within a unified estimation framework [58]. The choice of GSEM
over four separate negative binomial regressions is grounded in three considerations:
(i) joint maximum likelihood estimation produces a single variance-covariance matrix
of parameter estimates, enabling cross-equation hypothesis testing without the need for
post-hoc adjustments; (ii) a unified model provides a single log-likelihood, AIC, and BIC
for overall fit evaluation and model comparison (see Appendix A, Table A4); and (iii) the
framework is extensible to incorporate shared latent variables or additional structural paths
if the data require them.

In the current specification, each outcome equation includes the same set of predictors—
spokesperson type, authorship disclosure, their interaction, audience gender, and audience
age group—estimated as independent negative binomial equations that do not share cross-
equation error covariance or a latent factor. This independence assumption is substantively
appropriate because the four metrics represent distinct stages of the advertising funnel
(awareness, engagement, action, conversion) with different generating processes.

Formally, the model for the m-th outcome (m = 1, . . ., 4) is specified as follows. The
link function is the natural logarithm (log link), canonical for the negative binomial family:

ln(E[ym,i|Xi]) = βm,0 + βm,1·Spokespersoni + βm,2·disclosurei

+βm,3·(Spokespersoni × disclosurei) + βm,4·Genderi

+βm,5·Agei

(1)
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where ym,i denotes the count for the m-th metric of the i-th advertisement, µm,i =

E[ym,i | Xi], and βm,0 through βm,5 are the regression coefficients specific to each equa-
tion. The distributional assumption is:

ym,i ∼ BinNeg(µm,i, αm) (2)

with variance function:
Var(ym,i) = µm,i + αm·µm,i

2 (3)

where αm > 0 is the dispersion parameter specific to each equation. When αm → 0, the
negative binomial converges to the Poisson distribution. The coefficients are interpretable
on the log-rate scale; exponentiation yields the incidence rate ratio (IRR):

IRRk = exp(βm,k) (4)

such that IRRk represents the multiplicative change in the expected count associated with a
one-unit change in Xk, holding the remaining predictors constant.

An exposure variable (offset) was not incorporated, as all advertisements received
an identical fixed budget of COP 10,000, making raw counts directly comparable across
observations. The Spokesperson × Disclosure interaction term was included to evaluate
the potential moderating effect of authorship disclosure on spokesperson type (hypotheses
H3a–H3d).

Nevertheless, given that Meta’s delivery algorithm determines how many impressions
and unique users each advertisement receives even with a fixed budget, it is necessary to
distinguish between performance per unit of budget and the audience response conditioned
on exposure. To this end, a complementary GSEM was estimated incorporating the natural
logarithm of impressions as an exposure variable (offset) in the equations for video plays,
clicks, and messages. In this offset model, the coefficients are interpreted as effects on rates—
video view rate (VTR = plays/impressions), click-through rate (CTR = clicks/impressions),
and message rate (messages/impressions)—rather than on raw counts. The reach equation
was maintained without an offset, given that reach is itself a delivery metric rather than a
conditioned response metric. Additionally, a descriptive advertising funnel analysis was
conducted, disaggregated by experimental condition, decomposing the chain: budget →
impressions → reach → video plays → clicks → messages.

The model was estimated by maximum likelihood (ML) via Newton-Raphson opti-
mization, with standard errors derived from the observed information matrix (OIM). All
analyses were conducted using Stata/SE 19.0 (StataCorp LLC, College Station, TX, USA).
The complete replication code, anonymized campaign-level data, and audiovisual material
used in the study are available in the data availability statement repository.

Given that only the messages variable exhibited zero counts (10 of 384 observations;
2.6%), zero-inflated negative binomial (ZINB) and hurdle specifications were estimated
for this outcome and compared with the standard negative binomial via AIC and BIC (see
Appendix A, Table A8). Finally, given that the study evaluates 12 primary hypotheses
(H1a–d, H2a–d, H3a–d) across four outcomes, a Benjamini–Hochberg procedure controlling
the false discovery rate at 5% was applied, along with a Bonferroni correction (adjusted
α = 0.05/12 = 0.00417), to assess the robustness of the significance pattern under multiple
testing (see Appendix A, Table A7).

As an additional sensitivity analysis to evaluate whether gender and age group moderate
the effects of spokesperson type, an extended GSEM specification was estimated that in-
cluded the spokesperson × gender and spokesperson × age interactions in all four equations
simultaneously. None of the eight interactions reached statistical significance after Benjamini–
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Hochberg correction (all adjusted p > 0.10), indicating that the effects of spokesperson type on
all four metrics do not differ significantly between males and females or between the 18–24
and 25–60 age groups. This result justifies the more parsimonious specification of the main
model, which includes gender and age only as main-effect covariates.

4. Results
4.1. Descriptive Results

The descriptive statistics for quantitative variables are summarized in Table 2. On
average, the advertisements registered 4869 impressions (SD = 962) and a reach of 4679
unique individuals (SD = 932). Regarding the behavioral dependent variables, an average
of 58 plays at 25% (SD = 18.5), 555 clicks (SD = 164.5), and 3.9 messages or conversions per
advertisement (SD = 2.2) were observed.

Table 2. Descriptive Statistics for Quantitative Variables.

Variable Mean SD Minimum Maximum Median

Impressions 4868.88 962.03 1856 7436 4785.5
Reach 4678.80 931.55 1856 7238 4588.0
Video plays (25%) 57.94 18.47 9 120 55.0
Clicks 554.80 164.52 180 981 526.0
Messages 3.92 2.22 0 13 4.0

Table A1 presents the descriptive statistics disaggregated by the 16 cells of the design
(2 spokesperson × 2 disclosure × 2 gender × 2 age), including the number of observa-
tions, mean, and standard deviation of impressions, reach, frequency, CPM, video plays at
25%, clicks (all), and messages, as well as the exposure-conditioned rates (VTR, CTR, and
message-per-click rate) with their respective 95% confidence intervals. Figure 4 graphically
represents the means and confidence intervals of the four dependent variables disaggre-
gated by spokesperson type and disclosure condition, enabling visual assessment of the
interaction magnitude and the uncertainty associated with each estimate.

Figure 4. Means and 95% Confidence Intervals of the Four Dependent Variables by Spokesperson
Type and Authorship Disclosure Condition.
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Table 3 presents the distribution of categorical variables. Given the balanced factorial
design, each level of the two experimental factors and two demographic stratification
variables represents 50% of the observations.

Table 3. Descriptive Statistics for Qualitative Variables.

Variable Category Frequency %

Spokesperson Human 192 50.0
Spokesperson AI Avatar 192 50.0
Authorship disclosure No disclosure 192 50.0
Authorship disclosure Disclosure 192 50.0
Gender Male 192 50.0
Gender Female 192 50.0
Age group 18–24 years 192 50.0
Age group 25–60 years 192 50.0

4.2. Empirical Analysis

Table 4 shows the results of the GSEM application with a negative binomial distri-
bution. The dispersion parameter (ln alpha) was significant across all four equations,
evidencing corrected overdispersion and suggesting that the negative binomial provides
a better fit for the dataset than the Poisson distribution. Alongside each coefficient, the
standard error (SE) and the incidence rate ratio (IRR) with its 95% confidence interval,
obtained as the exponential of the coefficient, are reported to facilitate interpretation.

Table 4. GSEM Negative Binomial Empirical Model Results.

Equation/Variable Coef. (b) SE IRR 95% CI (IRR) p-Value

Reach (Dependent variable)
Spokesperson: AI Avatar −0.138 0.027 0.871 [0.826; 0.919] 0.000 ***
Disclosure: Discloses −0.002 0.027 0.998 [0.946; 1.053] 0.938
Spokesperson x Disclosure 0.055 0.039 1.056 [0.979; 1.140] 0.158
Gender: Female −0.049 0.020 0.952 [0.916; 0.990] 0.012 *
Age: 25–60 0.045 0.019 1.046 [1.007; 1.087] 0.019 *
Constant 8.506 - - - 0.000 ***
ln(alpha) −3.330 - a = 0.036 [0.031; 0.041] ***

Video plays (Dependent variables)
Spokesperson: AI Avatar 0.223 0.043 1.250 [1.149; 1.361] 0.000 ***
Disclosure: Discloses −0.018 0.044 0.982 [0.902; 1.070] 0.682
Spokesperson x Disclosure −0.016 0.061 0.984 [0.873; 1.109] 0.789
Gender: Female 0.050 0.030 1.051 [0.990; 1.116] 0.101
Age: 25–60 −0.025 0.030 0.975 [0.919; 1.035] 0.409
Constant 3.942 - - - 0.000 ***
ln(alpha) −2.634 - a = 0.072 [0.060; 0.086] ***

Clicks (Dependent variables)
Spokesperson: AI Avatar −0.476 0.027 0.621 [0.589; 0.655] 0.000 ***
Disclosure: Discloses −0.004 0.027 0.996 [0.945; 1.050] 0.893
Spokesperson x Disclosure 0.002 0.038 1.002 [0.930; 1.079] 0.965
Gender: Female 0.001 0.019 1.001 [0.964; 1.040] 0.954
Age: 25–60 0.012 0.019 1.012 [0.975; 1.051] 0.515
Constant 6.523 - - - 0.000 ***
ln(alpha) −3.411 - a = 0.033 [0.028; 0.038] ***
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Table 4. Cont.

Equation/Variable Coef. (b) SE IRR 95% CI (IRR) p-Value

Messages (Dependent variables)
Spokesperson: AI Avatar −0.053 0.081 0.949 [0.810; 1.111] 0.513
Disclosure: Discloses 0.029 0.079 1.029 [0.881; 1.202] 0.716
Spokesperson x Disclosure −0.059 0.114 0.942 [0.754; 1.178] 0.602
Gender: Female 0.090 0.057 1.095 [0.980; 1.223] 0.112
Age: 25–60 0.017 0.057 1.017 [0.910; 1.137] 0.767
Constant 1.336 - - - 0.000 ***
ln(alpha) −2.892 - a = 0.055 [0.025; 0.122] ***

Note: N = 384. IRR = exp(b). 95% CI calculated as exp(b ± 1.96 × SE). Base categories: Human,
No disclosure, Male, 18–24 years. Standard errors from the observed information matrix (OIM).
Estimation: ML via Newton-Raphson (Stata/SE 19.0, gsem command). Model fit: LL = −7911.56;
AIC = 15,879.12; BIC = 15,989.73. * p < 0.05, *** p < 0.001. Of the 12 primary hypothesis tests (H1a–d,
H2a–d, H3a–d), only the three significant spokesperson effects—on clicks, video plays, and reach—
survive both the Bonferroni correction (adjusted α = 0.00417) and the Benjamini–Hochberg procedure
at FDR = 5%. The remaining nine, comprising all disclosure and interaction effects as well as the
spokesperson effect on messages, do not reach significance under either adjustment (see Appendix A,
Table A7).

The overall model yielded a log-likelihood of −7911.56 (AIC = 15,879.12; BIC = 15,989.73).
Likelihood ratio (LR) tests comparing each negative binomial equation with its Poisson
restriction overwhelmingly rejected the equidispersion assumption for all four outcomes
(Reach: LR χ2(1) = 60,934.32, p < 0.001; Video plays: LR χ2(1) = 944.50, p < 0.001; Clicks: LR
χ2(1) = 5537.00, p < 0.001; Messages: LR χ2(1) = 8.38, p = 0.004), confirming that the negative
binomial provides a significantly better fit than the Poisson distribution (Appendix A,
Table A2). The estimated dispersion parameters were: Reach α = 0.036 [95% CI: 0.031;
0.041]; Video plays α = 0.072 [0.060; 0.086]; Clicks α = 0.033 [0.028; 0.038]; and Messages
α = 0.055 [0.025; 0.122]. The Pearson χ2/df ratios for all four equations were close to 1.0
(range: 0.933–1.027), indicating adequate model fit. An extended model incorporating the
16 additional two-way interactions between experimental factors and sociodemographic
controls did not improve fit (joint Wald χ2 = 12.06, df = 16, p = 0.740; ∆AIC = +20.03;
∆BIC = +83.25), supporting the parsimony of the reported specification (Appendix A,
Tables A3 and A4).

4.2.1. Reach Path

In the reach path, it was found that the use of an AI avatar significantly reduces the
number of unique individuals reached compared to the human spokesperson (b = −0.138;
IRR = 0.87; p < 0.001), equivalent to an approximately 13% decrease. Authorship disclosure
did not show a significant effect (p = 0.938), nor did its interaction with spokesperson type
(p = 0.158). Among the control variables, the female audience was associated with lower
reach (b = −0.049; p = 0.012), and the older age group with slightly higher reach (b = 0.045;
p = 0.019). These results support H1a and lead to the rejection of H2a and H3a.

4.2.2. Video Plays Path

The video plays path revealed that the AI avatar significantly increases video plays
compared to the human spokesperson (b = 0.223; IRR = 1.25; p < 0.001), representing an
approximately 25% increase. Neither authorship disclosure (p = 0.682) nor the spokesperson
× disclosure interaction (p = 0.789) was significant. The control variables also did not reach
statistical significance (gender, p = 0.101; age, p = 0.409). H1b is supported and H2b and
H3b are rejected.
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4.2.3. Clicks Path

In the clicks path, it was observed that the AI avatar markedly and significantly
reduces the number of clicks compared to the human spokesperson (b = −0.476; IRR = 0.62;
p < 0.001), a decrease of approximately 38%. Neither authorship disclosure (p = 0.893) nor
the spokesperson × disclosure interaction (p = 0.965) had a significant effect, nor did the
control variables (gender, p = 0.954; age, p = 0.515). H1c is supported and H2c and H3c
are rejected.

4.2.4. Messages Path

Finally, in the messages path, no significant effects were found for spokesperson type
(b = −0.053; p = 0.513), authorship disclosure (p = 0.716), or their interaction (p = 0.602). The
control variables were also not significant (gender, p = 0.112; age, p = 0.767). Consequently,
H1d, H2d, and H3d are rejected.

Taken together, spokesperson type constitutes the only factor with a robust effect on
performance, although its direction varies depending on the metric considered: the AI
avatar increases video plays (+25%) but reduces reach (−13%) and, notably, clicks (−38%),
with no effect on messages. This pattern of opposing signs reveals a trade-off: the AI
avatar captures audiovisual attention but does not translate into clicks or greater reach,
and even strongly penalizes click action. For its part, authorship disclosure did not show a
statistically significant effect on any of the evaluated metrics. Equivalence testing further
indicates that any disclosure effect is smaller than 10% for reach, video plays, and clicks,
although for messages equivalence at that margin could not be established and the evidence
remains inconclusive (Section 5; Appendix A, Table A6).

It is important to note that the raw metrics combine exposure opportunity (determined
by Meta’s delivery algorithm) with the conditioned audience response. To isolate the
latter, a complementary model with an impressions offset was estimated (Section 4.3). The
offset model results show that the differences in VTR and CTR persist after controlling
for exposure volume, indicating that the trade-off between visual attention and deliberate
action is not explained by the number of impressions received alone. Because the offset
adjusts for exposure volume but not for audience composition, placement mix, or delivery
timing, this analysis narrows—without fully eliminating—the role of the algorithmic
delivery system.

As a sensitivity check for the messages equation—the only outcome exhibiting zero
counts (10 of 384 observations; 2.6%)—zero-inflated negative binomial (ZINB) and hurdle
models were estimated and compared with the standard negative binomial. Neither
alternative improved model fit (NB: AIC = 1662.35, BIC = 1690.00; ZINB: AIC = 1671.52,
BIC = 1722.88), confirming that the low proportion of zeros does not warrant a zero-
inflated or hurdle specification (Appendix A, Table A8). Finally, to address the multiple
testing problem arising from 12 primary hypothesis tests, both the Bonferroni correction
(adjusted α = 0.05/12 = 0.00417) and the Benjamini–Hochberg procedure (FDR = 5%) were
applied. Under both corrections, three of the twelve tests—the spokesperson effects on
reach, video plays, and clicks (H1a, H1b, H1c; all p < 0.001)—remained significant, while
the remaining nine retained their non-significance (Appendix A, Table A7). The study’s
pattern of significance is therefore robust to adjustment for multiple comparisons, although
it should be made explicit that three, not twelve, hypotheses survive the adjustment.

4.3. Analysis of Exposure-Conditioned Rates and Advertising Funnel

To address the possibility that the observed effects on raw counts reflect differences in
exposure opportunity—determined by Meta’s delivery algorithm—rather than differences
in consumer response, a complementary GSEM was estimated incorporating the natural
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logarithm of impressions as an offset (exposure variable) in the equations for video plays,
clicks, and messages. In this model, the coefficients are interpreted as effects on response
rates per impression.

The results of the offset model confirm the conclusions of the main model: the AI avatar
significantly increases the video view rate (VTR; IRR = 1.434, p < 0.001) and significantly
reduces the click-through rate (CTR; IRR = 0.707, p < 0.001), while the message rate does
not differ significantly between conditions (IRR = 1.080, p = 0.318). Authorship disclosure
and the spokesperson × disclosure interaction were not significant in any of the offset
equations, replicating the findings of the non-offset model. These results indicate that
the observed differences in raw counts are not explained by the volume of impressions
received alone. The offset nevertheless adjusts for the amount of exposure and not for the
composition of the audience reached, the placement mix, or delivery timing—dimensions
that the platform’s optimization may also introduce and that the campaign export does not
allow to be disaggregated; the analysis therefore narrows the role of algorithmic delivery
without eliminating it (see Appendix A, Table A9).

Table 5 presents a descriptive advertising funnel analysis disaggregated by spokesper-
son type and authorship disclosure. Each funnel metric explicitly identifies its numerator,
denominator, and aggregation method: mean impressions per advertisement under a fixed
budget of COP 10,000; Reach/Impr. = reach ÷ impressions × 100; VTR = video plays at 25%
÷ impressions × 100; CTR = clicks (all) ÷ impressions × 100; and Msg/Click = messages
÷ clicks (all) × 100. All rates are computed per advertisement and then averaged across
the advertisements of each condition, so the reported values are means of rates rather than
ratios of means. These definitions are identical to those of the deposited replication file and
of Table A1, Panel B. This analysis enables distinguishing at which stage of the funnel the
experimental conditions diverge.

Table 5. Advertising Funnel Analysis by Experimental Condition.

Condition n Impressions Reach/Impr. (%) VTR (%) CTR (%) Msg/Click (%)

Human—No disclosure 96 5136.32 (997.11) 96.38 (2.03) 1.03 (0.29) 13.45 (1.77) 0.58 (0.33)
Human—Disclosure 96 5125.96 (828.79) 96.21 (1.87) 1.00 (0.29) 13.40 (1.54) 0.61 (0.29)
AI Avatar—No disclosure 96 4508.44 (892.09) 95.51 (2.18) 1.48 (0.46) 9.50 (0.87) 0.90 (0.49)
AI Avatar—Disclosure 96 4704.81 (978.12) 96.28 (1.98) 1.35 (0.34) 9.11 (0.91) 0.88 (0.50)
Total 384 4868.88 (962.03) 96.09 (2.04) 1.22 (0.40) 11.36 (2.46) 0.74 (0.44)
p-value (spokesperson) — <0.001 0.004 <0.001 <0.001 <0.001

Note: Cell entries are means with standard deviations in parentheses; n = 96 advertisements per
condition (384 total). Fixed budget of COP 10,000 per advertisement. Definitions: Reach/Impr. =
reach ÷ impressions × 100, the share of impressions delivered to distinct individuals (its reciprocal is
the exposure frequency, mean 1.04). VTR = video plays at 25% ÷ impressions × 100; the numerator
counts total plays rather than unique viewers and includes autoplay and repeated plays, so this rate
indexes exposure to video content rather than deliberate viewing. CTR = clicks (all) ÷ impressions
× 100; the numerator is Meta’s “clicks (all)” metric, which aggregates link clicks with reactions,
comments, shares, and image, video, and profile-name clicks, and is therefore an order of magnitude
larger than a link-click rate. Msg/Click = messages ÷ clicks (all) × 100. All rates are computed per
advertisement and then averaged within each condition. p-values test the spokesperson main effect in
a Gaussian GLM with robust (sandwich) standard errors controlling for disclosure, the spokesperson
× disclosure interaction, gender, and age. Rates with 95% confidence intervals disaggregated by all
16 design cells appear in Appendix A, Table A1, Panel B. The cell means, the Total row and these
p-values are reproduced in Supplementary Material S1 on the deposited dataset.

The funnel analysis reveals that the differences between the human spokesperson and
the AI avatar manifest differentially along the conversion chain. At the delivery stage,
advertisements with the AI avatar received approximately 10% fewer impressions per
budget unit than those with the human spokesperson (4607 versus 5131 mean impressions),
while the share of impressions delivered to distinct individuals differed by less than one
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percentage point across conditions (95.5–96.4%), a difference that nonetheless reaches
statistical significance (p = 0.004; Table 5). This difference in delivery efficiency is what
motivates the impressions-offset model. At the exposure-conditioned stages, the AI avatar
shows a higher VTR (1.35–1.48% versus 1.00–1.03%) and a lower CTR (9.11–9.50% versus
13.40–13.45%) than the human spokesperson, a pattern that holds in the offset model. These
results indicate that the observed differences are not explained by exposure volume alone;
because the offset does not adjust for audience composition, placement mix, or delivery
timing, the analysis narrows the role of algorithmic delivery without ruling it out. It should
further be noted that VTR is built on total plays—which include autoplay and repeat plays—
and that CTR is built on “clicks (all)”, so both rates index exposure and broad interaction
rather than deliberate viewing or movement toward enrollment. Authorship disclosure
does not generate significant differences at any stage of the funnel.

5. Discussion
The results of the GSEM with a negative binomial distribution demonstrate that

spokesperson type constitutes the only factor with a robust and significant effect on adver-
tising performance, although its direction varies depending on the metric considered. This
finding provides partial support for the first group of hypotheses (H1a–H1d) and reveals a
trade-off between the AI avatar’s capacity to capture audiovisual attention and its inability
to translate that attention into behavioral actions of greater depth in the conversion funnel.
For its part, authorship disclosure exerted no significant effect on the evaluated metrics,
leading to the rejection of hypotheses H2a–H2d and H3a–H3d.

The positive effect of the AI avatar on video plays, which supports H1b, is consistent
with evidence on the capacity of virtual influencers to attract greater initial visual atten-
tion [1]. The scope of this metric should be made explicit: video plays at 25% count total
plays rather than unique users, including autoplay in the feed as well as repeat plays, so
they constitute an indicator of exposure to video content rather than direct evidence of
deliberate viewing, curiosity, or sustained attention. With that caveat, the observed increase
is consistent with the idea that the avatar operates as a novel stimulus that interrupts the
automatic processing of advertising content in the feed and raises the probability that the
video is played. The Uncanny Valley Theory [20] offers a complementary explanation: the
avatar’s appearance, sufficiently human to be intriguing but not enough to generate full
rejection, could position itself in a zone of perceptual curiosity that stimulates visual explo-
ration, a mechanism consistent with the notion that human-likeness constitutes the central
antecedent of interaction with virtual influencers [59], although in this case the interaction
materializes in the viewing phase and does not extend to subsequent funnel stages.

By contrast, the AI avatar significantly reduces both reach and clicks, supporting H1a
and H1c. The drop in clicks is particularly pronounced and suggests that the visual curiosity
generated by the avatar does not translate into the trust necessary for the consumer to
execute a deliberate action such as clicking on the advertisement. This pattern is consistent
with Source Credibility Theory [60]: while the avatar can project a high level of visual
attractiveness, its fabricated nature compromises the trustworthiness dimension that is
critical for activating behaviors requiring greater cognitive commitment [6]. The processing
fluency associated with the perception of the human spokesperson as a natural and familiar
entity facilitates more favorable evaluations and stronger behavioral intentions [1], which
would explain the advantage of the human spokesperson on metrics requiring active
consumer decision-making. In the specific context of higher education promotion, where
institutional trust and spokesperson expertise are critical conditions for activating contact
intention [34,61], the avatar’s disadvantage in clicks is consistent with the experiential
nature of the promoted service.
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It should be noted that, given that reach is a delivery metric determined largely by
Meta’s auction and distribution algorithm, the observed reduction could reflect not only
lower audience receptivity but also differences in cost per thousand impressions (CPM)
or in the efficiency of algorithmic distribution for advertisements featuring the avatar.
However, the complementary analysis with an impressions offset (Section 4.3) shows that,
even after controlling for exposure volume, the AI avatar’s CTR remains significantly lower
than that of the human spokesperson, indicating that the drop in clicks is not explained by
the volume of impressions received alone; because the offset does not adjust for audience
composition, placement mix, or delivery timing, this result narrows the role of differential
delivery without ruling it out. The distinction between performance per budget and
conditioned response to exposure strengthens the interpretation that the avatar captures
visual attention (higher VTR) but fails to mobilize deliberate consumer action (lower CTR),
regardless of how many exposure opportunities it receives.

The absence of a significant effect of spokesperson type on messages, leading to the
rejection of H1d, suggests that the decision to send a message represents a qualitatively
distinct conversion level from the preceding metrics. Sending a message implies a deliberate
and personalized contact intention that is likely mediated by factors such as genuine interest
in the educational offering, perceived need, and the receiver’s personal circumstances—
variables that operate independently of spokesperson nature. This result converges with
evidence indicating that the effectiveness of influencer type varies according to the depth
of the metric evaluated and that conversions involving greater commitment depend more
on product relevance than on spokesperson characteristics [62].

Hypotheses H2a–H2d, which predicted a significant effect of authorship disclosure
on the four performance metrics, were not supported by the data: none of the coefficients
associated with disclosure reached statistical significance. It is important to emphasize
that the absence of statistical significance does not constitute evidence of the nonexistence
of the effect. The 95% confidence intervals for the disclosure IRR include values both
below and above 1.0 across all four equations, indicating that the data are compatible
with small effects in both directions. Post-hoc power analysis indicates that with the
available sample (N = 384) and an alpha level of 0.05, the study has 80% power to detect
an IRR of approximately 1.15 or 0.87; smaller effects cannot be ruled out with the current
data. To evaluate whether the data are consistent with practical equivalence between the
disclosure and non-disclosure conditions, TOST (two one-sided tests) equivalence tests were
conducted with two margins set a priori: ±20% (IRR between 0.82 and 1.22), corresponding
to the smallest effect of practical interest for advertising campaign management, and ±10%
(IRR between 0.90 and 1.11), used as a more demanding benchmark. At the ±20% margin,
equivalence was established across all four metrics. At the ±10% margin, equivalence
was established for reach (both one-sided p < 0.001), video plays (p = 0.003 and p = 0.030),
and clicks (both p < 0.001), but not for messages, where the upper one-sided test did not
meet the threshold (p = 0.184; lower p = 0.052) and the evidence remains inconclusive
(Appendix A, Table A6). It should be emphasized that a failure to establish equivalence
indicates insufficient precision to rule out an effect of that magnitude, not the presence of
one. Nevertheless, this result must be interpreted with caution given that the authorship
statement was presented in the advertisement copy in a specific cultural context (Colombia)
and cannot be generalized without replications to other formats, placements, or markets.

The practical implication of this result is substantive: organizations can incorporate AI
authorship disclosures in their advertising campaigns, given that the results do not provide
evidence that disclosure deteriorates advertising performance within the detection limits
of this design—with the caveat that message equivalence at ±10% was not established and
the result remains inconclusive—suggesting that compliance with emerging regulatory
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frameworks on algorithmic transparency could be implemented without an apparent cost
to commercial effectiveness. Algorithm aversion [63,64] and the machine heuristic [65],
although theoretically plausible as penalization mechanisms, did not manifest in a real Meta
advertising context, suggesting that these effects may be more associated with laboratory
experimental contexts where manipulation salience is artificially heightened.

The rejection of interaction hypotheses H3a–H3d indicates that authorship disclosure
does not moderate the effect of spokesperson type on any of the evaluated metrics. This
result means that the moderation hypothesis found no empirical support, which is not
equivalent to demonstrating that the mechanisms activated by spokesperson nature and
by disclosure operate independently: the equivalence tests establish equivalence of the
interaction at ±10% for clicks only, so for reach, video plays, and messages the evidence is
inconclusive (Appendix A, Table A6). It should further be noted that, because the interaction
term is included in the model, the disclosure coefficient in Table 4 estimates the effect of the
authorship statement in the reference condition, that is, in the human spokesperson. The
corresponding linear contrasts show that the effect of the authorship statement likewise
fails to reach significance within the avatar condition (reach IRR = 1.054 [0.999; 1.112],
p = 0.055; video plays IRR = 0.966 [0.889; 1.051], p = 0.424; clicks IRR = 0.998 [0.946; 1.053],
p = 0.943; messages IRR = 0.970 [0.826; 1.139], p = 0.708), nor as an average effect across both
spokesperson conditions (reach IRR = 1.026, p = 0.192; video plays IRR = 0.974, p = 0.394;
clicks IRR = 0.997, p = 0.884; messages IRR = 0.999, p = 0.987). The absence of detectable
moderation is theoretically relevant because it runs counter to the prediction that the
combination of an AI avatar with explicit disclosure would constitute the most unfavorable
condition, as the lower inherent credibility of the artificial spokesperson converges with the
intensified activation of persuasion knowledge [10,66]. The most parsimonious explanation
is that authorship disclosure, by failing to effectively activate the PKM in this context, lacks
the capacity to interact with the spokesperson variable to produce a differential effect.

The patterns observed in this study—greater visual attention but less deliberate action
with the AI avatar, and absence of a significant disclosure effect—are consistent with several
theoretical interpretations that should be noted as speculative given that the corresponding
mediating constructs were not measured. The attention–action trade-off could be explained
by stimulus novelty [67] insofar as the avatar constitutes a visually novel stimulus that
captures attention but does not generate the connection necessary for deliberate action.
Similarly, Source Credibility Theory [60] would suggest that avatars are perceived as less
credible, reducing deliberate engagement, and the Uncanny Valley Theory [20] would
propose that quasi-human avatars generate discomfort that inhibits action. The absence
of a significant disclosure effect could be interpreted through the Persuasion Knowledge
Model [68] or the machine heuristic, but these causal pathways cannot be confirmed with
the available data. Future research should incorporate the measurement of these mediators
to disentangle the specific psychological pathways underlying the behavioral patterns
documented in this investigation.

In the main model (Table 4), gender and age group were significant only for reach.
However, these differences must be interpreted with caution because reach is a delivery
metric determined largely by Meta’s auction algorithm. The lower reach observed for the fe-
male audience and for the 25-to-60-year age group could reflect differences in auction prices
(CPM), in available advertising inventory, or in competition for those segments within
the platform, rather than psychological differences in advertising information processing.
Given that the budget was fixed per observation, a higher CPM for certain demographic
segments mechanically translates into a lower number of impressions and, consequently,
lower reach, without necessarily involving a differential behavioral mechanism. The offset
model, in which each metric is expressed per impression, is consistent with this reading
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rather than contrary to it. There the female audience, which receives fewer impressions,
responds at a higher rate (VTR IRR = 1.100, p = 0.001; CTR IRR = 1.051, p < 0.001; message
rate IRR = 1.149, p = 0.011), while the 25-to-60 group, which receives more impressions,
shows slightly lower video play and click rates (IRR = 0.929, p = 0.007; IRR = 0.967, p = 0.002)
(Appendix A, Table A9). The demographic differences therefore arise on the exposure side
of the funnel and do not indicate lower responsiveness of these segments once exposure is
held constant.

6. Conclusions
The findings of this study demonstrate that advertising spokesperson type constitutes

a factor associated with digital campaign performance, although its effect is not unidirec-
tional. The AI avatar is associated with a significant increase in video plays (+25%) and
with a significant reduction in reach (−13%) and clicks (−38%). This pattern—greater
visual attention but less deliberate action—is tentatively interpreted as an attention–action
trade-off, which persists in the impressions offset model (Section 4.3), indicating that the
observed differences are not explained by exposure volume alone; because the offset does
not adjust for audience composition, placement mix, or delivery timing, this result nar-
rows the role of Meta’s algorithmic distribution without ruling it out. For their part, the
disclosure hypotheses were not supported: the results of the equivalence tests suggest
that, within the limits of the present design, stating the origin of the advertisement did not
produce a performance deterioration exceeding 10% for reach, video plays, and clicks; for
messages, equivalence at ±10% was not established and the evidence remains inconclusive
(Appendix A, Table A6).

These findings have practical implications in two domains. From the perspective of
campaign management, marketing managers seeking to maximize message visibility and
video content consumption could benefit from the strategic incorporation of AI avatars,
particularly in upper-funnel campaigns aimed at generating brand awareness. Conversely,
the human spokesperson showed a significant and large advantage in clicks (−38% for
the avatar), which is the deliberate-interaction metric measured in this study. It should
be noted, however, that this advantage did not extend to messages—the only conversion
metric in the design—where the effect of spokesperson type was not statistically signif-
icant (p = 0.513), and power was low (0.10). The data therefore support an advantage of
the human spokesperson in click interaction, but leave the question of conversion effec-
tiveness unresolved, which would require designs with greater power on that metric. A
hybrid strategy employing AI avatars in the initial contact phases and human spokesper-
sons in the conversion phases could capitalize on the differentiated strengths of each
spokesperson type. Regarding transparency, the fact that disclosure did not significantly
deteriorate performance is encouraging for organizations considering the adoption of
voluntary transparency practices, although it does not constitute sufficient evidence to
draw direct inferences about compliance with regulatory frameworks such as the European
Union AI Act, whose scope, disclosure format, and cultural context differ substantially
from the experimental conditions of the present study.

Nevertheless, these results must be interpreted with caution in light of several limita-
tions. First, the study was confined to a single platform (Meta/Facebook) and a specific
advertising context—the promotion of higher education—which limits the generalizability
of findings to other platforms and product categories. Meta’s algorithmic distribution
mechanisms could condition the results in ways that would not be replicable on platforms
with different distribution architectures, such as TikTok or YouTube. Second, the campaign
targeted a specific geographic region in southwestern Colombia, introducing a possible
cultural specificity in audience responses that may not be representative of other markets.
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Third, the observation window comprised 24 launch days, across which the 16 experimen-
tal conditions were exactly balanced; while this rules out temporal confounding of the
experimental contrasts, it does not allow capturing medium- or long-term effects such as
advertising fatigue or the evolution of attitudes toward AI avatars with repeated expo-
sure. Fourth, the choice of a fixed budget of COP 10,000 per observation, while ensuring
comparability across conditions, restricts the total reach of each individual advertisement
and could limit the variance observed in conversion metrics, particularly in messages.
Additionally, the pilot test was limited to verifying the perceptibility of the authorship
statement with a small sample (n = 20, distributed across the two disclosure versions) and
did not include a formal assessment of perceptual comparability between the stimuli in
dimensions such as production quality, message clarity, or visual attractiveness; although
both videos were produced with the same technical specifications, uncontrolled residual
differences between the human and avatar versions could have influenced performance
metrics beyond the intended experimental manipulation. Fifth, the design employed a
single exemplar of the human spokesperson and a single exemplar of the AI avatar, which
implies that spokesperson type is partially confounded with the idiosyncratic characteristics
of the specific exemplars used. This stimulus sampling limitation implies that the findings
are based on the specific creatives tested in this study and in the particular context of a
higher education campaign, and therefore their generalization should be approached with
caution. Relatedly, both spokespersons were unknown to the audience, which precludes
evaluating the moderating role of celebrity, given that meta-analytic evidence confirms that
the celebrity effect influences attitudes and purchase intention. Finally, the experimental de-
sign does not permit disentangling the intermediate psychological mechanisms (perceived
credibility, processing fluency, persuasion knowledge activation) that mediate between
the manipulated variables and performance metrics, given that exclusively aggregate be-
havioral indicators were employed. Four further clarifications about the design should
be added to the limitations above. First, although the authorship statement was truthful
in both spokesperson conditions, its wording necessarily differed between them, so the
content of the statement is confounded with spokesperson type. The two formulations are
not semantically symmetrical: the declaration of AI authorship names a specific production
technology and is salient in current public debate, whereas the attribution of own produc-
tion is a conventional credit formula that does not explicitly deny the use of AI and may be
read as a generic authorship note rather than as a provenance disclosure. The main effect
of disclosure (H2) therefore averages two manipulations that are unlikely to be equivalent
in salience, and the interaction (H3) contrasts the effect of declaring AI authorship in the
avatar condition against the effect of declaring own production in the human condition,
rather than the effect of a single statement applied across formats. A design that crosses
spokesperson type with three copy conditions—no statement, AI authorship statement,
and human authorship statement—would separate the effect of stating provenance from
the effect of what is stated and from the congruence between the two, and constitutes a
natural extension of this work. Second, the pilot test verified that the authorship statement
was identifiable under pilot conditions, but it does not establish equivalent visibility across
the different placements through which the platform distributed the advertisements (Feed,
Stories, Reels, In-stream, and search), nor does the campaign export allow impressions
to be disaggregated by placement in order to verify the comparability of that mix across
conditions. Third, random assignment operated on impressions within each ad set rather
than on the assignment of users to creative conditions, so it cannot be entirely ruled out that
a given user was exposed to more than one condition, or that the platform’s optimization
directed different creatives toward subaudiences with different response propensities; the
estimated effects are accordingly interpreted as performance differences under standard
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algorithmic delivery. Fourth, perceived novelty, credibility, and persuasion knowledge are
invoked throughout the discussion as possible mechanisms, but they were not measured in
this design and cannot be confirmed with the available behavioral indicators.

Future lines of research could address these limitations in several ways. The use
of multiple exemplars of each spokesperson type would allow separating the effect of
spokesperson type from the particular characteristics of each exemplar. The inclusion of
spokespersons with different levels of fame would allow evaluating the moderating role of
celebrity, given that recent evidence suggests that emotional responses differ substantially
between human celebrities and AI virtual spokespersons [69]. Replication of the design
across other platforms and product categories would allow evaluating the robustness
of the observed effects and the possible moderation by product type—utilitarian versus
experiential. The incorporation of process measures through complementary laboratory
studies, such as perceived credibility, persuasion knowledge activation, and processing
fluency, would enable the identification of the causal mechanisms underlying the attention–
action trade-off documented in this research. Likewise, longitudinal designs evaluating the
evolution of the AI avatar’s effect on performance across multiple exposures would help
determine whether the advantage in video plays is maintained or erodes with familiarity,
and whether the disadvantage in clicks attenuates as consumers become accustomed to syn-
thetic spokespersons. Research on the interaction between avatar type (hyperrealistic, ani-
mated, stylized) and product context would shed light on what degree of human-likeness
is optimal for each campaign objective, contributing to a more sophisticated management
of artificial intelligence-based communication assets. Finally, research with multiple dis-
closure formats, platforms, and markets is needed to evaluate the generalizability of the
transparency findings.
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Appendix A

Table A1. Descriptive statistics by factorial design cell.

Spokesperson Disclosure Gender Age n Impressions Reach Video Plays
(25%) Clicks (All) Messages Freq. CPM VTR (%) [95%

CI]
CTR (%) [95%

CI]
Msg/Click

(%) [95% CI]

Human No disclosure Male 18–24 24 5251.75
(1164.14)

5052.83
(1101.31) 49.79 (12.43) 685.83

(158.17) 3.50 (2.60) 1.04 2052.61 0.97 [0.87;
1.07]

13.02 [12.46;
13.59]

0.48 [0.35;
0.62]

Human No disclosure Male 25–60 24 5625.79
(991.54)

5460.00
(963.37) 49.67 (13.55) 685.08

(124.33) 3.79 (1.98) 1.03 1834.23 0.89 [0.80;
0.97]

12.21 [11.78;
12.63]

0.55 [0.44;
0.65]

Human No disclosure Female 18–24 24 4644.75
(747.06)

4461.42
(717.64) 53.54 (17.28) 681.38

(119.36) 4.46 (3.24) 1.04 2212.94 1.16 [1.01;
1.32]

14.76 [13.92;
15.60]

0.65 [0.47;
0.82]

Human No disclosure Female 25–60 24 5023.00
(825.05)

4815.21
(767.28) 55.79 (16.95) 689.58

(121.01) 4.33 (2.65) 1.04 2048.10 1.11 [1.00;
1.21]

13.79 [13.13;
14.46]

0.63 [0.49;
0.77]

Human Discloses Male 18–24 24 5202.92
(725.53)

4988.25
(683.04) 52.38 (15.39) 683.17

(108.01) 4.08 (2.28) 1.04 1957.22 1.00 [0.90;
1.11]

13.13 [12.62;
13.65]

0.60 [0.46;
0.74]

Human Discloses Male 25–60 24 5093.17
(878.91)

4895.71
(811.57) 46.25 (16.32) 676.38

(115.03) 4.00 (1.82) 1.04 2023.99 0.92 [0.79;
1.05]

13.39 [12.64;
14.13]

0.59 [0.48;
0.71]

Human Discloses Female 18–24 24 4791.42
(769.62)

4615.58
(751.91) 52.12 (17.68) 680.08

(109.74) 4.54 (1.98) 1.04 2144.41 1.09 [0.95;
1.24]

14.29 [13.58;
14.99]

0.66 [0.55;
0.77]

Human Discloses Female 25–60 24 5416.33
(856.66)

5213.96
(800.33) 54.38 (15.86) 692.33

(120.97) 3.92 (2.15) 1.04 1890.45 1.00 [0.90;
1.10]

12.79 [12.33;
13.25]

0.57 [0.44;
0.70]

AI Avatar No disclosure Male 18–24 24 4298.50
(873.73)

4094.38
(835.59) 65.58 (19.29) 420.33 (79.55) 3.75 (2.19) 1.05 2418.49 1.57 [1.35;

1.79]
9.83 [9.45;

10.20]
0.88 [0.69;

1.07]

AI Avatar No disclosure Male 25–60 24 4791.21
(987.74)

4586.42
(961.84) 63.08 (19.59) 433.54 (88.32) 3.62 (1.91) 1.05 2176.91 1.34 [1.17;

1.51]
9.08 [8.77;

9.40]
0.85 [0.65;

1.06]

AI Avatar No disclosure Female 18–24 24 4259.08
(734.49)

4079.54
(735.10) 68.79 (18.65) 418.71 (72.91) 4.00 (1.89) 1.05 2415.94 1.64 [1.44;

1.83]
9.85 [9.53;

10.16]
0.97 [0.76;

1.18]

AI Avatar No disclosure Female 25–60 24 4684.96
(884.18)

4465.17
(830.37) 63.54 (18.68) 430.62 (75.74) 3.88 (2.44) 1.05 2208.85 1.37 [1.21;

1.54]
9.24 [8.89;

9.60]
0.91 [0.68;

1.14]

AI Avatar Discloses Male 18–24 24 4945.08
(1088.84)

4777.46
(1058.87) 65.75 (22.15) 426.21 (76.81) 3.17 (2.01) 1.04 2121.55 1.33 [1.19;

1.46]
8.71 [8.37;

9.06]
0.74 [0.54;

0.93]
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Table A1. Cont.

Spokesperson Disclosure Gender Age n Impressions Reach Video Plays
(25%) Clicks (All) Messages Freq. CPM VTR (%) [95%

CI]
CTR (%) [95%

CI]
Msg/Click

(%) [95% CI]

AI Avatar Discloses Male 25–60 24 4691.29
(976.42)

4501.62
(959.67) 60.21 (17.84) 423.58 (76.37) 4.00 (1.59) 1.04 2221.93 1.29 [1.16;

1.43]
9.10 [8.72;

9.49]
0.97 [0.80;

1.13]

AI Avatar Discloses Female 18–24 24 4690.38
(1002.81)

4516.67
(991.67) 61.54 (15.72) 419.00 (77.26) 3.58 (2.00) 1.04 2225.16 1.33 [1.20;

1.46]
9.00 [8.68;

9.32]
0.83 [0.67;

1.00]

AI Avatar Discloses Female 25–60 24 4492.50
(836.31)

4336.58
(843.91) 64.62 (20.53) 431.04 (82.52) 4.04 (2.46) 1.04 2301.87 1.44 [1.27;

1.61]
9.61 [9.21;

10.02]
0.97 [0.68;

1.25]

Note: n = 24 advertisements per cell (384 total). Columns up to CPM report means with standard deviations in parentheses; the three rate columns report means
with 95% confidence intervals in brackets. Freq. = exposure frequency (impressions ÷ reach). CPM = cost per thousand impressions in Colombian pesos (COP
10,000 ÷ impressions × 1000). VTR = video view-through rate (25% views/impressions × 100). CTR = click-through rate (clicks/impressions × 100). Msg/Click =
message-per-click rate (messages/clicks × 100). Fixed budget of COP 10,000 per advertisement.
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Table A2. Justification of the negative binomial: LR comparison with Poisson, dispersion, and
goodness of fit.

Dependent Variable LR chi2(1) vs. Poisson p alpha [95% CI] Pearson chi2/df

Reach 60,934.32 <0.001 0.036 [0.031; 0.041] 1.001

25% Views 944.50 <0.001 0.072 [0.060; 0.086] 1.012

Clicks 5537.00 <0.001 0.033 [0.028; 0.038] 0.933

Messages 8.38 0.004 0.055 [0.025; 0.122] 1.027

Note: N = 384. Likelihood ratio tests compare each negative binomial equation with its Poisson
restriction (α = 0). Rejection of equidispersion in all four outcomes supports the negative binomial
specification. Pearson χ2/df values near 1.0 indicate adequate fit of the negative binomial.

Table A3. Extended factorial model: Wald tests (2 × 2 × 2 × 2 design).

Contrast chi2 df p

Joint Wald: 16 interactions 12.06 16 0.740

Reach 8.40 4 0.078

25% Views 1.74 4 0.783

Clicks 0.31 4 0.989

Messages 1.60 4 0.808
Note: N = 384. The extended specification adds the spokesperson × gender, spokesperson × age,
disclosure × gender, and disclosure × age interactions to all four equations simultaneously (16 addi-
tional parameters). None of the demographic moderation tests reaches significance, supporting the
parsimonious specification reported in Table 4.

Table A4. Fit comparison: parsimonious vs. extended.

Model LL AIC BIC

Original (28 parameters) −7911.56 15,879.12 15,989.73

Extended (44 parameters) −7905.58 15,899.15 16,072.98

Table A5. Post-hoc statistical power (alpha = 0.05, two-tailed).

Effect Dep. Variable b SE |z| p Power

AI Avatar Reach −0.1377 0.0274 5.03 <0.001 0.999

AI Avatar 25% Views +0.2234 0.0431 5.19 <0.001 0.999

AI Avatar Clicks −0.4762 0.0270 17.66 <0.001 1.000

AI Avatar Messages −0.0527 0.0805 0.65 0.513 0.100

Disclosure Reach −0.0021 0.0274 0.08 0.938 0.051

Disclosure 25% Views −0.0178 0.0436 0.41 0.682 0.069

Disclosure Clicks −0.0036 0.0268 0.14 0.893 0.052

Disclosure Messages +0.0288 0.0792 0.36 0.716 0.065

Interaction Reach +0.0548 0.0387 1.41 0.158 0.293

Interaction 25% Views −0.0163 0.0610 0.27 0.789 0.058

Interaction Clicks +0.0017 0.0381 0.04 0.965 0.050

Interaction Messages −0.0594 0.1139 0.52 0.602 0.082
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Table A6. TOST equivalence tests for non-significant effects (log scale).

Effect Dep. Variable p (Upper) p (Lower) Equiv.? Conclusion

Limits +/−0.20 (IRR:
0.82–1.22)

Disclosure Reach <0.001 <0.001 Yes Equivalence established

Disclosure 25% Views <0.001 <0.001 Yes Equivalence established

Disclosure Clicks <0.001 <0.001 Yes Equivalence established

Disclosure Messages 0.015 0.002 Yes Equivalence established

Interaction Reach <0.001 <0.001 Yes Equivalence established

Interaction 25% Views <0.001 0.001 Yes Equivalence established

Interaction Clicks <0.001 <0.001 Yes Equivalence established

Interaction Messages 0.011 0.109 No Inconclusive

Limits +/−0.10 (IRR:
0.90–1.11)

Disclosure Reach <0.001 <0.001 Yes Equivalence established

Disclosure 25% Views 0.003 0.030 Yes Equivalence established

Disclosure Clicks <0.001 <0.001 Yes Equivalence established

Disclosure Messages 0.184 0.052 No Inconclusive—not
equivalent at ±10%

Interaction Reach 0.122 <0.001 No Inconclusive

Interaction 25% Views 0.028 0.085 No Inconclusive

Interaction Clicks 0.005 0.004 Yes Equivalence established

Interaction Messages 0.081 0.361 No Inconclusive

Note: N = 384. Two one-sided tests (TOST) on the log-rate scale, applied to the coefficients of Table 4.
Equivalence is declared only when both one-sided p-values fall below 0.05, which corresponds to the
90% confidence interval lying entirely inside the margin. The ±0.20 margin (IRR 0.82–1.22) reflects
the smallest effect size of practical interest for campaign management, and the ±0.10 margin (IRR
0.90–1.11) provides a more demanding benchmark; both were set a priori. At the ±10% margin,
equivalence is established for the disclosure effect on reach, video plays, and clicks, but not for its
effect on messages, where the evidence remains inconclusive; the interaction is equivalent only for
clicks. A failure to establish equivalence indicates insufficient precision to rule out an effect of that
magnitude, not the presence of one.

Table A7. Multiple testing correction for the 12 hypotheses (Bonferroni and Benjamini–Hochberg).

Hypothesis p (Unadjusted) Bonferroni B-H

AI Avatar -> clicks <0.001 Yes Yes

AI Avatar -> 25% views <0.001 Yes Yes

AI Avatar -> reach <0.001 Yes Yes

Interaction -> reach 0.158 No No

AI Avatar -> messages 0.513 No No

Interaction -> messages 0.602 No No

Disclosure -> 25% views 0.682 No No

Disclosure -> messages 0.716 No No

Interaction -> 25% views 0.789 No No
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Table A7. Cont.

Hypothesis p (Unadjusted) Bonferroni B-H

Disclosure -> clicks 0.893 No No

Disclosure -> reach 0.938 No No

Interaction -> clicks 0.965 No No
Note: N = 384; m = 12 hypothesis tests (3 effects × 4 outcomes), ranked by ascending p-value.
Bonferroni threshold: α = 0.05/12 = 0.00417. Benjamini–Hochberg step-up critical value: (rank/12)
× 0.05, controlling the false discovery rate at 5%. Three of the twelve hypotheses survive both
corrections—the spokesperson effects on clicks, video plays, and reach. The remaining nine, in-
cluding all disclosure and interaction effects and the spokesperson effect on messages, do not reach
significance under either adjustment.

Table A8. Zero-inflation assessment for messages: simple NB vs. ZINB.

Model AIC BIC Conclusion

Simple negative binomial 1662.35 1690.00 Selected specification

ZINB (zero inflation) 1671.52 1722.88 Does not improve fit

Table A9. GSEM with exposure offset: incidence rate ratios conditioned on impressions.

Predictor 25% Views IRR
[95% CI] p Clicks IRR [95%

CI] p Messages IRR
[95% CI] p Reach IRR [95%

CI] p

AI Avatar 1.434 [1.329; 1.548] <0.001 0.707 [0.687; 0.728] <0.001 1.080 [0.928; 1.257] 0.318 0.871 [0.826; 0.919] <0.001

Disclosure 0.977 [0.904; 1.055] 0.551 0.998 [0.969; 1.027] 0.868 1.029 [0.886; 1.194] 0.709 0.998 [0.946; 1.053] 0.938

Sender ×
Disclosure 0.938 [0.842; 1.045] 0.248 0.961 [0.922; 1.002] 0.063 0.903 [0.729; 1.119] 0.351 1.056 [0.979; 1.140] 0.158

Female 1.100 [1.042; 1.161] 0.001 1.051 [1.030; 1.074] <0.001 1.149 [1.032; 1.279] 0.011 0.952 [0.917; 0.989] 0.012

25–60 years 0.929 [0.880; 0.980] 0.007 0.967 [0.947; 0.988] 0.002 0.973 [0.874; 1.083] 0.611 1.046 [1.007; 1.087] 0.019

Note: N = 384. Negative binomial equations with ln(impressions) as an exposure offset for video
plays, clicks, and messages, so coefficients are interpreted as effects on rates per impression; the
reach equation is reported without an offset, because reach is itself a delivery metric rather than
a response conditioned on exposure. Base categories: Human, No disclosure, Male, 18–24 years.
Conditioning on impressions removes differences in exposure volume between conditions, but it
does not adjust for differences in audience composition, placement mix, or delivery timing that
the platform’s optimisation may also introduce; the offset results therefore narrow, without fully
eliminating, the role of algorithmic delivery.

Table A10. Temporal robustness: day-of-launch fixed effects and clustered standard errors.

Outcome Predictor b (1) OIM p (1) OIM b (2) Day FE p (2) Day FE p (3)
Day-Clustered

p (4) Ad-Set-
Clustered

Reach AI Avatar −0.1377 <0.001 −0.1352 <0.001 <0.001 <0.001

Disclosure −0.0021 0.938 −0.0012 0.962 0.848 0.944

Spokesperson ×
Disclosure 0.0548 0.158 0.0537 0.125 0.002 0.197

25% Views AI Avatar 0.2234 <0.001 0.2240 <0.001 <0.001 <0.001

Disclosure −0.0178 0.682 −0.0176 0.669 0.171 0.536

Spokesperson ×
Disclosure −0.0163 0.789 −0.0164 0.775 0.473 0.668
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Table A10. Cont.

Outcome Predictor b (1) OIM p (1) OIM b (2) Day FE p (2) Day FE p (3)
Day-Clustered

p (4) Ad-Set-
Clustered

Clicks AI Avatar −0.4762 <0.001 −0.4724 <0.001 <0.001 <0.001

Disclosure −0.0036 0.893 −0.0030 0.895 0.532 0.496

Spokesperson ×
Disclosure 0.0017 0.965 0.0005 0.987 0.873 0.841

Messages AI Avatar −0.0527 0.513 −0.0532 0.501 0.485 0.097

Disclosure 0.0288 0.716 0.0278 0.720 0.708 0.512

Spokesperson ×
Disclosure −0.0594 0.602 −0.0584 0.601 0.535 0.351

Note: N = 384. Log-scale coefficients of the GSEM negative binomial system reported in Table 4.
Specification (1) is the reported model with OIM standard errors; specification (2) adds fixed effects for
the position of the launch day within its batch (11 levels, each grouping between one and three launch
days and identical in scenario composition), which is the temporal variable contained in the deposited
dataset; specifications (3) and (4) keep the reported model and replace only the variance estimator
with standard errors clustered by launch day (11 clusters) and by ad set (16 clusters), respectively, so
that their coefficients are identical to (1) by construction. Joint Wald tests of the day effects in (2): reach
χ2(10) = 88.70; video plays χ2(10) = 51.84; clicks χ2(10) = 163.71 (all p < 0.001); messages χ2(10) = 16.32
(p = 0.091). Because the cluster-robust estimator is downward-biased with as few as 11 or 16 clusters,
and because the experimental factors do not vary within an ad set, specification (2) is the primary
temporal control and (3) and (4) are reported only as sensitivity checks. Specifications (1) to (3) are
reproduced by Supplementary Material S1 on the deposited dataset; specification (4) is reproduced
by the deposited replication script, which estimates the same system with vce(cluster escenario).
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