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Abstract

While small businesses are using generative AI to create marketing materials, there
are questions of whether the process of generation, specifically the pipeline rather than
the model itself, influences consumer response. The present thesis presents a randomized,
between-subjects, preregistered online experiment (N = 261 after exclusions) testing two
post-generation pipelines that rely on the same base large language model in the area of
restaurant social-media marketing. A Single-Shot Generation (SSG) pipeline is compared
to a Structured Grounded Generation (SGG) pipeline that enforces a structured template,
restricts all factual claims to a grounded scenario card, adds authority and social-proof cues,
and checks hard constraints before a post is finalized. Each participant viewed exactly one
of the 40 realized stimuli and was asked about their visit/purchase intention (confirmatory
primary outcome), click intention, save intention, perceived credibility, informativeness and
social-proof strength, as well as authenticity. There was no detectable effect of SGG on
visit/purchase intention using the proportional-odds cumulative link model with fixed effects
for scenarios and cluster-robust standard errors at the stimulus level (OR = 1.01, 95% CI:
[0.66, 1.55], p = .97). At the same time, the manipulation was modestly successful—SGG
posts were rated as more specific and fact-grounded (manipulation index d = 0.27)—and,
in exploratory secondary analyses (exploratory because the confirmatory primary test was
null), SGG was associated with higher perceived credibility (+0.25 points on a five-point
scale, pHolm = .003). These perceptual gains were largely decoupled from behavioral intention:
visit intention correlated only weakly with perceived credibility (r = .01), informativeness
(r = .08), and social-proof strength (r = .05). An illustrative outcome-based pricing exercise
returns a zero variable component because the estimated high-intent uplift (0.003, 95% CI
[−0.13, 0.14]) is not statistically distinguishable from zero. The results indicate that, absent
disclosure during exposure, structured grounded generation can help to give AI-generated
posts a sense of credibility without actually shifting the behavioral intent that would be
monetized by outcome-based pricing.

Keywords: AI-generated content; large language models; structured grounded generation;
consumer response; perceived credibility; randomized online experiment; outcome-based pricing;
social-media marketing.
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1 Introduction

Small and medium-sized enterprises (SMEs) are increasingly leveraging generative artificial intelli-
gence (AI) and large language models (LLMs) to generate marketing content and other customer-
facing messages [36]. LLM will provide a regular stream of social media posts with near-zero
marginal cost for a small restaurant or shop. However, when companies are buying AI-assisted
marketing services, they don’t care so much about stylistic fluency, as whether the service brings
them measurable improvement in consumer response, or “attributable value.” This means that
the pricing mechanism of such services is key because if, for instance, a price is only based on the
volume of output, this can incentivize fluent but ineffective writing, whereas a pricing mechanism
based on value or on the outcome will require measurable and verifiable output.

This thesis explores that issue in relation to the concrete use case of restaurant social media
posts created using AI. The important methodological step is the distinction between the generation
pipeline and the underlying model. The study does not compare two LLMs, but rather two post-
generation processes using the same base model. Single-Shot Generation (SSG) is a process that
generates a post using a single prompt. A Structured Grounded Generation (SGG) approach
enforces a rhetorical structure, constrains each factual statement to a specified “scenario card”,
includes cues of authority (establishing facts that are easily verifiable), and cues of social proof
(combined scores of reviews), and checks hard constraints before the post is completed. Thus the
treatment is the workflow, with a constant model identity. Both types of posts can in principle
be made from the same base model, so any differences in consumer response will be due to the
engineering around the model and not the model itself.

1.1 Problem statement and research question

The key question is: Does this type of content engineering matter for consumers if the AI-authorship
goes undisclosed? The effect of the pipeline is isolated by keeping disclosure fixed [4, 24]. The main
research question is:

In a randomized online experiment, does a Structured Grounded Generation (SGG)
strategy produce more favorable consumer response than a Single-Shot Generation (SSG)
strategy?

The study addresses four sub-questions:

1. (Confirmatory) Does SGG increase visit/purchase intention relative to SSG?
2. (Secondary behavioral) Does SGG increase click intention and save intention?
3. (Secondary perceptual) Does SGG increase perceived credibility, informativeness, and social-

proof strength, and how does it relate to perceived authenticity?
4. (Translation) How can an experimentally estimated response uplift be translated into an

illustrative pricing exercise for AI-assisted marketing services?

1.2 Contributions

This thesis makes three contributions. First, it offers a mechanically clean (as opposed to a model
effect) estimate of a pipeline effect on consumer response, based on a stimulus-sampling design
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with 40 actual posts, which reduces the risk of a confounding of the treatment effect with the
idiosyncratic characteristics of one or two posts in particular [47]. Second, it records a dissociation:
the degree to which a post is perceived as credible and specific and fact-based is increased by the
SGG pipeline without the headline behavior (visit/purchase) being altered. Third, it is done via an
explicit illustrative outcome based pricing exercise that illustrates how, in principle, this evidence
can be mapped into a transparent pricing rule and why, in this dataset, this rule leads to a zero
price for the variable component.

In short, the confirmatory behavioral outcome—visit/purchase intention—was not affected by
the SGG pipeline: there was no detectable difference (OR = 1.01, p = .97). It did consistently
shift how posts were perceived, however—raising perceived credibility in exploratory analyses
(+0.25 points, pHolm = .003)—but not behavior, with the result that the illustrative outcome-based
pricing rule charges nothing for its variable component. The contribution is thus not a positive
content-quality effect, but rather a robust, pre-specified null together with this dissociation and its
pricing implication.

1.3 Thesis overview

This chapter presented the problem and research questions. Section 2 presents the theoretical
framework (Elaboration Likelihood Model as the primary lens, signaling theory and the MAIN
model as the secondary lenses, and the Persuasion Knowledge Model as the boundary condition),
the estimands and hypotheses. In Section 3 related works on AI generated marketing material
and consumer response is discussed. The methodology, or experimental design, stimuli, measures,
and analysis plan is described in Section 4. The results for the realized sample are provided in
section 5. In Section 6 the results are discussed based on the theoretical framework and the threats
to validity are addressed. The contribution and future research is summarised in Section 7. This is
a bachelor thesis that was done at the Leiden Institute of Advanced Computer Science (LIACS) in
the supervision of Natalia Amat Lefort and Bas Kruiswijk.

2 Background

Here, the stimuli are not consumer-generated word-of-mouth, but marketer-generated persuasive
posts, so although this research on electronic word-of-mouth (eWOM) is informative with regards
to credibility and purchase intention, it does not reflect the word-of-mouth of consumers. Thus,
eWOM is considered adjacent literature that supports the credibility and social-proof cues [21],
while social-proof is viewed as a signal-like cue in brand communication, the persuasive effect
of which may be impacted by the concreteness, credibility, and groundedness of its appearance,
not by its inherent authenticity as a peer-to-peer testimonial [19, 41]. The thesis focuses on three
complementary perspectives to explain why the SGG pipeline may impact consumers’ response.

2.1 Primary framework: the Elaboration Likelihood Model

More specific, informative, and well-organized arguments should facilitate the central-route pro-
cessing of a message, thereby enhancing the quality and relevance of the message arguments,
whereas formatting, fluency, and source cues offer peripheral cues [7, 38]. The SGG pipeline aims
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at improving both routes: The grounded factual structure and claim-to-evidence mapping target
argument quality (central route) while improved formatting, structural markers and embedded
credibility cues target peripheral processing. There are two restrictions to ELM that apply. First,
the central–peripheral dichotomy can be confounded in fast-paced social-media environments where
much information is processed in the periphery, as noted above [25]. Second, ELM is descriptive
rather than predictive, it identifies processing conditions, but does not specify quantitative effect
sizes. These restrictions constrain the power of theory-based predictions, but not the framework.

2.2 Secondary framework I: signaling theory

Signaling theory, developed in Spence’s analysis of the job market [41], provides a rationale for
why the specific design features of SGG should improve consumer response. Under information
asymmetry in markets, credible signals help to mitigate uncertainty and enhance exchange [9, 41].
As an example, restaurant marketing is a canonical example where the consumer cannot determine
the quality of food, the quality of service and the veracity of promotional claims without visiting the
restaurant. Signaling theory has been used in digital commerce to design websites, to use specificity
of product information, and also to add third party endorsements and verifiable claims as quality
signals to decrease perceived risk [32, 48]. The central idea in the prediction is that signals must be
hard to mimic: a claim which is specific and verifiable is more effective than promotional language
that is more general [9]. This is similar to the contrast between SSG and SGG, which validates
claims, incorporates authority and social-proof cues, and enforces factual grounding, all of which
boost signal specificity and verifiability. Signaling theory is important because the consumer need
not identify the signaler (or the signal) which renders it appropriate to a no-disclosure design.

2.3 Secondary framework II: the MAIN model and technology heuris-
tics

The thesis is also informed by Sundar’s MAIN model of technology mediated credibility [42]
which considers four categories of heuristics that drive the assessment of digital content: Modality,
Agency, Interactivity, and Navigability. Two heuristics under the Agency dimension are especially
pertinent: Authority cues (establishment year, neighborhood history etc.) are facts that invoke
authority-related credibility judgements [29, 42]; Social-proof cues (aggregated review scores etc.)
represent the behavior of others and invoke bandwagon-like inferences [29, 42]. The two are working
on different pathways of inference, source expertise and peer consensus and SGG works on both. The
MAIN heuristics, unlike the Persuasion Knowledge Model below, can be used without knowledge of
the origin of the content, making the framework suitable for an unlabeled-post design [43].

2.4 Boundary condition: the Persuasion Knowledge Model

The Persuasion Knowledge Model (PKM) states that consumers can cope with persuasion attempts
by knowing the persuasion agents’ goal and tactics [14]. Recent extensions have theorized that
consumers might use different coping strategies when they see the persuasion agent as AI [45]
but that can only happen if consumers perceive AI as a source – exactly what this no-disclosure
design holds constant. This means that, in the future disclosure-rich environments, in particular
under the transparency requirements of the EU AI Act and the forthcoming European Commission
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transparency guidance [5, 12, 13, 28],1 PKM is viewed as a boundary condition and not as a primary
mechanism.

2.5 Treatment definition and causal logic

Since the study is a comparison between two pipelines constructed from the same base LLM, the
treatment is not model identity but instead the workflow. The SSG is a single-shot generation
workflow. SGG implements a content structure, only allows factual claims in a specific scenario
card, and checks hard constraints prior to the finalization of the post, in line with the general NLP
philosophy that explicit grounding leads to better traceability in fact and to less content without
supporting evidence [26]. The treatment effect is interpreted as the causal effect of the SGG pipeline
(as a whole), not of each individual component (structure, grounding, validation, authority cues, or
social-proof cues) alone. With regard to theoretical perspectives, all three mechanisms (signaling,
ELM, MAIN) suggest that SGG should generate more favorable consumer response compared to
SSG.

2.6 Estimands and hypotheses

Given that the primary outcome (visit/purchase intention) is an ordinal variable, the primary
confirmatory estimand is the proportional-odds treatment parameter β for SGG in the cumulative-
logit model defined in Section 4.6 (or equivalently, the cumulative odds ratio exp(β) by which
exposure to SGG as opposed to SSG increases the odds of being in a higher versus a lower response
category). Confirmatory hypotheses are directional (H1 : β > 0 or OR > 1), and 2-sided 95%
confidence intervals and p-values are reported. The descriptive and linear robustness check of the
mean difference E[VisitIntent | SGG]−E[VisitIntent | SSG] is reported, but is not the confirmatory
estimand. The secondary hypotheses are related to perceived credibility, informativeness, and social
proof strength. Authenticity is a secondary (and exploratory) outcome due to mixed literature that
is highly disclosure sensitive [1, 4, 24].

3 Related Work

According to recent marketing research, AI authorship and AI disclosure can lead to negative
responses by decreasing perceived authenticity, trust, or advertising value. GenAI’s role in the
content creation aspects of social-media branding can erode the authenticity of a brand, although
there are also indications that the negative impact is less pronounced when AI is used as a
supplement to human content creation processes [4]. Beyond this, when consumers consider content
for emotional marketing as AI-generated, there can be negative word-of-mouth and a drop in
consumer loyalty [24]. The same issues are reported regarding restaurant branding [1], service
advertising [16] and disclosed AI-generated advertising [5, 28]. However, it is a challenging test
case, not an easy one, as the concern is increased in hedonic context, where consumers are less
receptive to AI recommenders compared to utilitarian contexts [30].

1The cited Commission document is the second draft published on 5 March 2026, which is the guidance on
transparency. Later final guidance may differ from the guidance in this draft, as the Article 50 transparency guidance
is continuing to develop at the time of writing.
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But there are many negative impacts of AI-authorship based on disclosure or source awareness.
If consumers are not able to reliably tell the difference between AI-generated and human-generated
text, the source-based reactions might not be the same [22]. The present study aims to investigate
whether the pipeline-quality differences matter, when there is no disclosure, but to discuss the
effects of disclosure by AI as a boundary condition. It also relates to a methodological literature
on stimulus sampling in experimental persuasion research, which finds that when only one or two
stimuli are used per condition, the observed effect could be due to idiosyncratic aspects of the
specific stimuli rather than the manipulation [23, 47, 49]. The design below is a solution that
realizes five stimuli per scenario-by-condition cell and explicitly models stimulus identity.

4 Methodology

The study is a randomized, between-subjects online experiment using Qualtrics with online recruit-
ment of participants via student groups. Each subject was exposed to only one of the experimental
conditions and only one stimulus post. The one-post-per-participant design eliminates carryover
and direct comparison effects that might occur if the same person observed SSG and SGG.

4.1 Design structure

Four restaurant scenarios (to ensure non-trivial stimulus variety within one domain) were crossed
with two conditions (SSG and SGG) and five retained valid stimuli per scenario-by-condition cell for
the experiment. This provides 40 realized post stimuli (4× 2× 5). Each participant viewed one post
only. Realizing five stimuli per cell, instead of one or two, directly tackles the stimulus-sampling
problem [47] — in that case, the random intercept for stimulus identity in the analysis model has
a meaningful distribution to estimate, and the treatment effect is less susceptible to confounding
with stimulus-specific features.

4.2 Definition of stimuli and treatment

Each scenario comprised a fixed image, a structured scenario card with all the factual information
available to the model (type of cuisine, item highlighted, price, location, opening hours, promotion
rule, authority fields, social-proof fields and prohibited claims), and the post variants generated
under both SSG and SGG. Two distinct types of credibility-relevant information were identified on
the scenario card—those that are verifiable facts about the business (e.g., the founding year) and
those that are aggregated consumer ratings (e.g., “4.4 stars from 5,200+ Google reviews”).

The base LLM used for both conditions was the same, therefore the treatment was the generation
pipeline rather than the model itself. In the Single-Shot Generation (SSG) condition, the posts
were generated using the regular single shot prompt, but importantly, the authority and social-proof
fields were not provided to SSG, which only received basic information about a restaurant. The
Structured Grounded Generation (SGG) condition involved generating the posts based on
the scenario card, but using a structured, grounded, constraint-validated workflow that enforces
a pre-specified template (hook, short context, value points, evidence-based social-proof cue, call-
to-action), does not allow for claims beyond the material from the scenario card, and includes a
validation step to check for unsupported claims, prohibited phrases, and internal inconsistencies.
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For a failed draft, a single repair round was allowed. Candidate outputs were generated sequentially
until five valid stimuli were collected for each cell; no manual stylistic editing was done to the first
five valid outputs. To enhance the ecological validity, the stimuli were stylized as realistic mobile
screenshots of social media posts, with the same non-treatment visual elements (e.g. profile name,
profile image, time stamp, engagement icons) kept constant across each scenario. The two pipelines
are summarized in Figure 1 and a realized SSG/SGG stimulus pair for one of the scenarios is shown
in Figure 2.

Single-Shot
Generation (SSG)

Structured Grounded
Generation (SGG)

Scenario card
basic fields only

Single-shot prompt
no template,

no validation

SSG post

Scenario card
basic + authority

+ social-proof fields

Structured
template

hook · context · value
points · social-proof ·CTA

Factual grounding
claims trace to card

Constraint
validation

unsupported / prohibited

valid?

SGG post

one repair
round

yes

no

Both pipelines use the same base LLM; image, profile,
timestamp and engagement icons are held constant within
each scenario—the treatment is the workflow, not the model.

Figure 1: The two post-generation pipelines. SSG produces a post from a single prompt using only
basic restaurant fields. SGG uses the same base model but additionally receives authority and
social-proof fields and applies a fixed rhetorical template, factual grounding to the scenario card,
and a constraint-validation step with at most one repair round. The estimated treatment is the
bundled SGG workflow relative to SSG.
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(a) SSG (b) SGG

Figure 2: A realized SSG/SGG stimulus pair for the same scenario, with the image, profile, and
engagement elements held constant. Relative to SSG, the SGG caption adds an authority cue
(“ . . . serving New York-style slices . . . since 1975 . . . ”), a social-proof cue (“Rated 4.4 stars by
5,200+ Google reviewers”), explicitly structured value points, and a clear call-to-action—the
credibility-relevant features whose pooled effect the experiment estimates.

4.3 Participants and procedure

The participants were adults (18+) and a convenience sample was recruited online via student
group messaging and the survey was conducted in English. The convenience sample is mentioned
as a limitation in generalizability, however, care was taken with data quality in this mode of
recruitment, through the attention-check and speeding exclusions described below. The participants
were randomized to the eight cells of the scenario-by-condition matrix and then to one of the
five stimuli retained within a cell after providing informed consent. They filled in the dependent
variables immediately after exposure, followed by the manipulation-check items (inserted after
the main outcomes), one attention-check item, and background questions. The participants were
debriefed at the end and told that the posts were artificially produced by AI. The anticipated
analytic sample ranged from 260-300 usable responses while recruitment resulted in 261 usable
responses (see Section 5.1 for exclusions). The statistical power is therefore sufficient for moderate
effects, but not as high for small effects and this is considered a caveat.

4.4 Measures

All evaluative responses were measured on 5-point scales, and where possible, were worded to match
those used in previous advertising and social media research [3, 17, 31, 39]. The confirmatory
primary outcome was visit/purchase intention (1 item); secondary behavioral outcomes were click
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intention and save intention (both 1 item), secondary perceptual outcomes were perceived credibility
(3 items, adapted from Ohanian [37]; credibility is a multi-faceted construct, see Diamantopoulos
et al. [11] for more detail), perceived informativeness (1 item; acceptable for concrete attribute, see
Bergkvist and Rossiter [2] for more detail), perceived social-proof strength (1 item), and perceived
authenticity (3 items, adapted from Napoli et al. [35]); manipulation checks were whether the post
seemed well organised, specific/concrete, and fact grounded (all 1 item); background covariates were
Instagram-use frequency (1 item), dining-out frequency (1 item), and general attitudes towards AI.

4.5 Exclusion rules

After preregistration, answers were only discarded if the primary outcome was not completed,
duplicated, failed the attention check or were unusually fast. Under the speeding rule, any response
with a completion time below the larger of 90 seconds or one-third of the median valid completion
time was excluded. Due to the fact that there was no pilot completion time for this analysis, the
median from the main sample was used as a proxy, thus setting the threshold at 90 seconds.

4.6 Analysis plan

The main confirmatory estimand is the intent-to-treat effect on visit/purchase intention of SGG
versus SSG. The outcome is ordinal and so the preregistered primary model is a cumulative link
mixed model (CLMM) with treatment as a fixed effect, a set of fixed effects for the different
scenarios, and a random intercept for realized stimulus identity:

logit{Pr(Yi ≤ k)} = τk − β · ⊮[SGG]i − αscenario(i) − ustimulus(i).

The pre-registered first choice was this CLMM (e.g. R’s ordinal package [8]) and the pre-registration
specified a fallback for the case of a singular or otherwise unavailable mixed fit: a cumulative
link model (CLM) with scenario fixed effects and cluster-robust standard errors at the stimulus
level [6, 34]. As it turned out, a mixed-ordinal version was not available in the analysis environment
and this pre-registered fallback was instead employed: proportional-odds cumulative logit with
treatment and scenario fixed effects, estimated by maximum likelihood in Python’s statsmodels
software package with a cluster-robust (sandwich) covariance at the stimulus level. A second random-
intercept logistic model on the dichotomised high-intent outcome was used as a diagnostic for the
omitted random intercept, and the between-stimulus variance was found to be small (Section 5.3)
warranting the use of the cluster-robust CLM. Primary outcome was assessed at the .05 level without
multiplicity adjustment; secondary outcomes were assessed with the Holm procedure within the
pre-specified secondary family, gated on the primary outcome test [18]. A linear model using HC3
robust standard errors is provided as a robustness analysis as suggested by [15, 27]. Scenario-specific
estimates, exploratory behavioral index, covariate moderation, mediation-consistent associations
are presented as exploratory, with the intention–behavior gap as standing caveat for all intention
outcomes [40, 46].

4.7 Ethics

The participants in the study were adults and the survey itself was low risk and conducted online.
Participants were asked to opt-in and consent to participate in the program. As AI writing was not
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revealed on exposure, delayed disclosure was used which was addressed by end-of-study debriefing.
No platform account identifiers were taken and there is no personal identification of participants in
the data.

5 Results

The results on the realized sample are reported in this chapter. Confirmatory analyses (primary
outcome) are distinguished throughout from secondary and exploratory analyses.

5.1 Sample, exclusions, and descriptives

From the 321 responses collected, 60 responses were excluded under the preregistered exclusion
rules, resulting in an analytic sample of N = 261 (Table 1). The dominant exclusion was incomplete
responses (missing the primary outcome, n = 56); three responses were a failure of the attention
check and one a speeder (4 seconds - the next-fastest valid response took 117 seconds). The analytic
sample of N = 261 agrees with the proposed sample size range of approximately 260 to 300 useable
responses, which supports sensitivity to moderate effects but leaves limited sensitivity to small
effects, as described in Section 6. Seven of 261 retained responses were marked as incomplete
by the survey site, but they all had complete data for every analysis variable, and the same
substantive pattern is obtained in a sensitivity analysis restricted to the 254 fully completed
responses (visit-intention OR = 0.97, 95% CI [0.63, 1.49], p = .89).

Table 1: Sample flow under the preregistered exclusion rules.

Stage n

Collected responses 321
Excluded: incomplete (missing primary outcome) −56
Excluded: duplicate −0
Excluded: failed attention check −3
Excluded: speeding (< 90 s) −1

Analytic sample 261

The analytic sample included 123 in SSG and 138 in SGG, from a total of 40 stimuli (median 7
responses per stimulus, range 2–8) and four scenarios (n = 63–70 per scenario; cell sizes 29–38).
Respondents were generally frequent social-media users (mean Instagram-use frequency 2.46 on a
1=multiple times a day to 5=do not use scale) and eating out frequently (mean = 2.52). Overall
attitudes towards AI were slightly positive to neutral (mean = 2.77 on a scale from 1 = very positive
to 5 = very negative). Cronbach’s α was 0.84 for the credibility scale, 0.81 for the authenticity
scale, and 0.83 for the manipulation-check index, indicating that the three multi-item scales had
good internal consistency [10].

Means, standard deviations, and standardized differences (Cohen’s d) for each outcome in each
condition are presented in Table 2. The pattern previews the main result: the behavioural outcomes
(visit and click) change very little, while the perceptual outcomes (credibility, informativeness and
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social-proof strength) improve by about a fourth of a standard deviation for SGG. The distributions
of the primary outcome in each condition are virtually identical as seen in Figure 3.

Table 2: Descriptive statistics by condition (N = 261; all measures on 1–5 scales). Positive d favors
SGG.

SSG SGG

Outcome M SD M SD Diff. d

Visit/purchase intention (primary) 3.47 0.81 3.49 0.78 +0.01 0.02
Click intention 3.56 0.58 3.54 0.56 −0.03 −0.04
Save intention 3.33 0.70 3.46 0.75 +0.14 0.19
Perceived credibility 3.45 0.57 3.70 0.70 +0.24 0.38
Perceived informativeness 3.38 0.67 3.55 0.71 +0.17 0.24
Perceived social-proof strength 3.33 0.67 3.51 0.75 +0.19 0.27
Perceived authenticity 3.31 0.61 3.35 0.55 +0.04 0.08

Very
unlikely

Unlikely Neither Likely Very
likely

Visit / purchase intention
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Distribution of visit/purchase intention by condition
SSG
SGG

Figure 3: Distribution of the primary outcome (visit/purchase intention) by condition. The two
distributions are nearly indistinguishable.

5.2 Manipulation checks

Manipulation proved to be modestly successful. Relative to SSG, SGG posts were rated as more
specific and concrete (3.82 vs. 3.63, d = 0.26) and more fact-grounded (3.82 vs. 3.65, d = 0.26), with
a smaller difference on being well organized (3.76 vs. 3.63, d = 0.19). The combined manipulation
index was higher for SGG (3.80 vs. 3.64, d = 0.27, Mann–Whitney p = .035). The SGG pipeline has
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indeed altered the intended perceptions of structure and grounding, but to a small extent (Table 3,
Fig. 4). This has significance for interpretation: a null effect on the primary outcome cannot be
interpreted as having a completely failed manipulation.

Table 3: Manipulation-check ratings by condition.

Item SSG M SGG M Diff. d Mann–Whitney p

Well organized 3.63 3.76 +0.14 0.19 .171
Specific / concrete 3.63 3.82 +0.19 0.26 .035
Fact-grounded 3.65 3.82 +0.17 0.26 .055

Manipulation index (mean) 3.64 3.80 +0.16 0.27 .035
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Figure 4: Manipulation-check ratings by condition (means ±1 SEM). SGG posts were perceived as
somewhat more specific and fact-grounded.

5.3 Primary confirmatory analysis

No significant differences were found between SGG and SSG in visit/purchase intention. The
stimulus-level cluster-robust SGG cumulative odds ratio was 1.01 (95% CI [0.66, 1.55], p = .97)
for the proportional-odds cumulative logit (with scenario fixed effects). The point estimate is very
close to no change in the latent intention distribution and the confidence interval excludes any
effects that are more than a moderate OR either way. A cluster-robust standard error estimated
as 0.22 on the log-odds scale was close to the model-based standard error estimated as 0.24
and a supplementary variational-Bayes logistic model on the dichotomized high-intent outcome
estimated a small stimulus-level random-intercept standard deviation (≈ 0.23). The cluster-robust
CLM is pre-registered and was used for this analysis because a mixed-ordinal implementation
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was unavailable in the analysis environment, although such diagnostics suggest that the variance
between stimuli is small, meaning that the absence of a random intercept is unlikely to materially
affect the conclusions.

Since the confirmatory primary test was not significant, the pre-registered testing hierarchy
suggests the secondary family should be investigated in an exploratory fashion, and the secondary
Holm adjusted tests below are presented for completeness but should not be interpreted as
confirmatory.

5.4 Secondary outcomes (exploratory)

Table 4 reports the secondary family. Within the exploratory secondary family, perceived credibility
remained Holm-adjusted significant (pHolm = .003) and was associated with a 0.25-point higher
rating on the five-point scale under SGG. Perceived informativeness (OR = 1.49) and social-proof
strength (OR = 1.74) were nominally higher under SGG at the raw level (p = .047 and p = .033) but
did not survive multiplicity adjustment. The behavioral secondaries—click and save intention—and
perceived authenticity showed no reliable difference. Figure 5 summarizes the estimated SGG−SSG
differences across all outcomes on the common 1–5 scale.

Table 4: Secondary outcomes (exploratory; the confirmatory gate was not passed). Effect is
the cumulative odds ratio for ordinal outcomes and the cluster-robust mean difference for the
credibility/authenticity composites. pHolm within the six-member secondary family.

Outcome Effect type Estimate 95% CI praw pHolm Sig.

Perceived credibility mean diff. 0.25 [0.11, 0.39] .0006 .003 yes
Perceived social-proof strength odds ratio 1.74 [1.05, 2.88] .033 .165 no
Perceived informativeness odds ratio 1.49 [1.01, 2.19] .047 .188 no
Save intention odds ratio 1.47 [0.90, 2.41] .128 .384 no
Perceived authenticity mean diff. 0.04 [−0.08, 0.16] .507 1.00 no
Click intention odds ratio 0.91 [0.57, 1.47] .702 1.00 no

12



0.1 0.0 0.1 0.2 0.3 0.4
SGG  SSG difference (5-point scale), cluster-robust 95% CI

Visit/purchase intention

Click intention

Save intention

Perceived credibility*

Perceived informativeness

Perceived social-proof

Perceived authenticity

Manipulation index

Estimated effect of SGG relative to SSG across outcomes

Figure 5: Estimated effect of the SGG pipeline (SGG−SSG) across outcomes, on the common
five-point scale, with cluster-robust 95% confidence intervals. Point estimates for the perceptual
outcomes favor SGG, but only perceived credibility remains significant after Holm correction;
behavioral intentions do not shift.

5.5 Scenario heterogeneity (exploratory)

The null primary effect was uniform across the four scenarios. A model with treatment-by-scenario
interactions did not improve fit (joint Wald p = .94), and the scenario-specific SGG−SSG differences
on visit intention were all small and statistically indistinguishable from zero (ranging from −0.05
to +0.07 points; Figure 6). Scenarios did differ substantially in their baseline appeal—mean visit
intention ranged from about 3.1 to 3.9 across scenarios—but the treatment moved the outcome in
none of them.
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Figure 6: Scenario-specific treatment estimates on visit intention (cluster-robust 95% CIs). The
effect is consistently near zero across scenarios.

5.6 Why perceptions did not translate: correlations and mediation-
consistency (exploratory)

A natural question is why SGG’s gains in perceived credibility, informativeness, and social-proof
strength did not raise visit intention. The correlation structure offers a direct answer (Figure 7).
Visit intention correlated only weakly with perceived credibility (r = .01), informativeness (r = .08),
social-proof strength (r = .05), and authenticity (r = .05). In contrast, the perceptual measures
correlated moderately with one another (e.g., credibility–informativeness r = .39, credibility–social-
proof r = .26), forming a coherent “perceived-quality” cluster that is largely decoupled from
stated behavioral intention in this single-exposure setting. Consistent with this, a regression of visit
intention on the treatment together with all four perceptions left the (already near-zero) treatment
coefficient essentially unchanged, and no perception was a strong predictor of visit intention once
the others were included. Because the total treatment effect on visit intention is approximately
zero, a formal mediation decomposition is not interpretable here and is not reported; the pattern is
presented only as a mechanism-consistent description, in line with cautions about cross-sectional
mediation [20, 33, 44].
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Figure 7: Pearson correlations among response measures. Behavioral intention (visit) is weakly
related to the perceptual cluster that the SGG pipeline shifted.

5.7 Exploratory behavioral index and covariate moderation

The preregistered exploratory Behavioral Response Index (a composite of click, save, and visit
intention) failed its psychometric pre-check as the three items of the index did not form an internally
consistent composite (Cronbach’s α = 0.26); as specified, this composite was not used to make
inferences. Of the exploratory covariate-moderation tests, only Instagram-use frequency showed
a borderline interaction with treatment on visit intention (b = 0.13, p = .051), suggesting that
higher social-media use may result in a slightly greater response to SGG, while attitudes toward AI
(p = .66) and dining-out frequency (p = .40) revealed no moderation. These tests are underpowered
and exploratory and the results are intended as hypothesis generating only.

5.8 Robustness

The null primary result is robust to specification. A linear model treating visit intention as
continuous gave an SGG coefficient of 0.006 points with HC3 robust standard errors (p = .95) and
an essentially identical estimate with cluster-robust standard errors at the stimulus level (95% CI
[−0.16, 0.17], p = .94). The agreement between the ordinal and linear specifications, and between
model-based and cluster-robust standard errors, indicates that neither the link function nor the
clustering assumption drives the conclusion.

5.9 Illustrative pricing exercise

Finally, the results are translated to the illustrative outcome-based pricing exercise, explicitly
specified in the design. Let Û be the estimated SGG uplift for the high-intent share (those who
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indicated on visit intention a score of “likely” or “very likely”), and consider the stylized rule

PricingSim = F0 + λ ·max(0, Û) · ⊮[LB95(Û) > 0 ],

where F0 is a fixed base fee, λ a variable multiplier, and the variable component is zero whenever
the estimated uplift is negative or statistically inconclusive. In this dataset the high-intent share
was 50.4% under SSG and 50.7% under SGG, an uplift of Û = 0.003 with a stimulus-clustered
bootstrap 95% CI of [−0.13, 0.14]. Because the lower confidence bound is below zero, the indicator
⊮[LB95 > 0] evaluates to zero and the rule charges only the base fee F0 (for example, with F0 = 100
and λ = 1000, the simulated price is 100, with a variable component of 0). The exercise thus
illustrates its own guard rail: a transparent outcome-based rule declines to charge for an uplift
that cannot be distinguished from noise. This is a conceptual and pedagogical demonstration, not
a validated pricing model, and would require field validation against real conversions before any
commercial use, particularly given the intention–behavior gap [40, 46].

6 Discussion

The aim of this study was to examine whether Structured Grounded Generation (SGG) leads to
a more positive consumer response than Single-Shot Generation (SSG) holding the underlying
language model constant and AI authorship undisclosed during exposure. The main result is that
the SGG pipeline did not affect the behavioral intention that it was primarily designed to move,
but it did affect how the posts were perceived, with judgments of specificity and fact-basedness,
and exploratory analyses of credibility, being more positive than under SSG. The implications of
this pattern are explored in the theoretical context of Section 2 and presented as consequences in
the subsections below, while threats to validity are presented to bound the conclusions.

6.1 Interpreting the perception–behavior dissociation

All three frameworks imply a similar direction of action, and it is not possible to separate their
individual actions with this single bundled-treatment design. The dissociation pattern outlined
below is not a direct test of the specific claims of ELM, signaling theory, or the MAIN model, but
is consistent with each model. SGG was created to increase both the central route (via quality of
arguments that are grounded in reality) and the peripheral route (via formatting and credibility
cues) according to the Elaboration Likelihood Model. Manipulation checks and the credibility
result point to the fact that these cues were indeed received: SGG posts were perceived as more
specific, more grounded, and more credible. What did not follow is the downstream step from a
more favorable evaluation to a stronger intention to act. In a rapid, one-time exposure, social-media
environment, it would seem that the trustworthiness of any given post would have less impact on
visit intent than would factors that are comparatively stable, such as appeal of the cuisine or fit of
the scenario. This is the same with the data: baseline visit intention was fairly spread out across
the four scenarios (roughly 3.1 to 3.9), but the treatment effect was close to zero for each scenario.

Signaling Theory is a compatible argument from a different perspective. The salience of the
SGG signals appeared to be adequate to be noticed, but salience is not enough; it raised perceived
credibility and the sense that claims were grounded. A signal changes behavior only if it reduces the
specific uncertainty that gates the decision. While a consumer’s intent to visit is still determined
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by taste, price, location, or convenience that a single post cannot address, the restaurant’s post
does become more credible. The MAIN heuristics convey the same message at the level of cues:
the authority and bandwagon cues in SGG had an impact on credibility assessments, but not on
behavior, indicating that they were working at the evaluative layer rather than the conative layer.

6.2 Why perceptions did not translate

The most obvious evidence on the mechanism is provided by the correlation structure in Section 5.6.
There was only a weak correlation between the very perceptions that SGG enhanced (credibility
(r = .01), informativeness (r = .08), and social-proof strength (r = .05)) and intention to visit,
with perceptions being more highly correlated with each other (r up to .39). The dimensions of
“perceived quality” and “stated intention to act” are fairly distinct: in this sample, an intervention
that affects the former does not necessarily affect the latter. There are two possibilities to explain
this, without excluding each other. First, one exposure might not be enough of an experience to
shift a credibility assessment to an intention to visit a restaurant; perceptions change rapidly, but
decisions to visit a restaurant accumulate from more than one post. Second, intention in this design
could be driven by the presence of a specific preference and scenario fit, thus leaving less room for
a content manipulation to account for. Either way, the bottom line is: improvement in content that
consistently improves assessment doesn’t necessarily affect behavior.

6.3 Implications for outcome-based pricing

This lesson is reinforced by the illustrative pricing exercise of Section 5.9. The uplift estimated
with a high intent was not significantly different from zero, so the stylized outcome-based rule
only charged its base fee and the variable component of zero. The overall message is cautionary.
Assuming a vendor based the price on the perceived credibility or general content quality, they
may seem to be providing value that doesn’t show up in the behavior which the client paid for. An
outcome-based contract should therefore be based not on perceptions but on downstream metrics
— clicks, saves, visits or conversions — and should incorporate an explicit statistical safeguard
against paying for noise as the indicator term in the pricing rule shows — and should be field-tested,
not just based on single-exposure survey intentions. The experiment warns against monetizing a
credibility increase, which doesn’t propagate to behaviour, in short.

6.4 Relation to prior work and the disclosure boundary

The results align well with research indicating that disclosure is crucial for source- and authorship-
based reactions to AI-generated content [4, 22, 24]. Content improvements in the pipeline here
shifted perceptions but not behavior, as is thought to be the case when there is a lack of salient
AI label, meaning that consumers act on the content, not the origin. The boundary condition of
the Persuasion Knowledge Model has not yet been tested by this design, however, and under the
new transparency regulations, an explicit ‘AI-generated’ tag may interact with the quality of the
content, in a plausible way, reducing the credibility boost, if not outright eradicating it, given
the more structured and polished nature of SGG writing [5, 28, 45]. In the present estimates, we
therefore recommend that they be read as bounded to unlabeled-post contexts.
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6.5 Limitations and threats to validity

These conclusions were constrained by many limitations. First, all outcomes are one-time, self-
reported intentions, and as a result of the intention–behavior gap, a finding on stated intention does
not necessarily reflect actual visits or purchases [40, 46]. Second, statistical power is finite, meaning
that N = 261 is better at detecting modest effects than small ones, but the near unity odds ratio
and the near zero linear estimate make it unlikely that a meaningful, but omitted, effect on visit
intention specifically, exists. Third, the treatment is a bundled intervention, so without a factorial
design, the credibility gain cannot be attributed to any one of the components (structure, grounding,
authority cues, or social-proof cues). Moreover, the contrast is one of information as well as process:
SSG received only basic restaurant fields, whereas SGG additionally received the authority and
social-proof facts. The estimate therefore reflects the full pipeline as deployed, combining structured
workflow with richer grounded inputs, rather than structure alone. Fourth, the sample (an online
convenience sample of frequent social-media users recruited via student-group channels) and the four
restaurant scenarios limited generalizability to other people, product categories, and platforms. Fifth,
the preregistered cumulative link mixed model was substituted with its preregistered cluster-robust
fallback because for the analysis environment no mixed-ordinal model was available; supplementary
diagnostics showed that between-stimulus variance was relatively small, and this fallback is unlikely
to have materially influenced the conclusion. Such threats highlight the need for ongoing research
as described in Section 7.

7 Conclusions and Further Research

This study examined whether a Structured Grounded Generation (SGG) pipeline, which incorporates
structure, factual grounding, embedded authority and social-proof cues, and constraint validation,
while using the same base model as the Single-Shot Generation (SSG) pipeline, generates more
positive consumer responses to restaurant social-media posts when the AI’s authorship is not
disclosed. The answer for the confirmatory outcome is no: the SGG pipeline did not increase
visit/purchase intention (odds ratio 1.01; 95% CI [0.66, 1.55]; p = .97), and this null result held
across scenarios, and across both ordinal and linear specifications, in a preregistered between-subject
experiment with 40 realized stimuli and an analytic sample of 261 participants. Meanwhile, the
manipulation was not passive. The posts of the SGG group were perceived as more specific and
fact-based; exploratory secondary analyses find that SGG was positively associated with higher
perceived credibility (+0.25 points, pHolm = .003; the secondary family is exploratory because the
confirmatory test was null). The key empirical finding is the dissociation between these perceptual
improvements and behaviour: in this single-exposure, no-disclosure context, there was only a weak
correlation between visit intention and the perceptions that the pipeline improved. This illustrative
pricing exercise, by design of the exercise, did not charge anything for the variable component since
the high-intent uplift was indistinguishable from zero.

These conclusions have several limitations, discussed in Section 6, and suggest specific steps to
proceed. Since the outcomes are stated intentions subject to the intention–behavior gap [40, 46],
the best follow-up would be a field study that measured click, save and visit behavior, and would
place the outcome-based pricing experiment on more solid footing. Since the SGG treatment is
a packaged intervention, the next step is to determine which of the treatment’s components –
structure, grounding, authority cues, or social-proof cues – resulted in the credibility gain. Because
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the design holds AI authorship undisclosed during exposure, the next logical experiment is a
disclosure manipulation where the obligations to disclose contributions of AI that come with the
EU AI Act take effect [12, 13, 45]. Lastly, repeated exposure or longitudinal designs could be used
to see whether perceptual changes which do not result in a single shot intention do accrue at the
brand level over time.
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