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Abstract

Large language models (LLMs) have shown persuasive po-
tential in controlled studies and surveys across commer-
cial, political, and social domains; their effectiveness in real-
world settings, however, remains largely underexplored. This
work bridges that gap by evaluating LLM-generated person-
alized messages deployed through advertising campaigns on
Meta platforms. We generate ads using three LLMs (GPT-
40, Gemini 1.5 Pro, and LLaMA 3.1), targeting four demo-
graphic groups through three distinct personalization strate-
gies—adapting tone and language, introducing audience-
relevant themes, and selectively emphasizing elements from
the source material. We assess their performance across three
dimensions: (1) user engagement through live testing on so-
cial media, (2) perceived appeal via user surveys, and (3)
platform behavior through algorithmic delivery analysis. Our
results show that personalized messages, deployed through
Meta’s ad delivery system, do not significantly improve user
engagement compared to non-personalized alternatives, and
for some demographic groups specific strategies reduced en-
gagement further. We also find that survey-based assessments
of ad appeal can diverge from observed behavioral outcomes,
highlighting the limitations of relying solely on self-reported
metrics to evaluate LLM-based personalization. Finally, we
show that LLM-generated personalization cues can shift al-
gorithmic ad delivery toward the intended audience by up to
8% without explicit targeting instructions, but that this influ-
ence is bounded by the platform’s own relevance predictions.
Together, these findings provide an empirical assessment of
both the potential and the limits of LLM-based personaliza-
tion within algorithmically mediated advertising systems.

1 Introduction

Recent advances in large language models (LLMs) have
opened new possibilities for persuasive content generation
across domains such as health communication, marketing,
and political advocacy (Meguellati et al. 2024; Hackenburg
and Margetts 2024; Breum et al. 2024; Karinshak et al. 2023;
Altay et al. 2023). In particular, LLMs can adapt the tone,
framing, and content of messages to match user attributes
such as demographics or personality traits—a form of au-
tomated personalization that has been shown to produce
messages comparably or more effective than human-written
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ones (Meguellati et al. 2024). By reducing the cost and ex-
pertise required to produce tailored content, LLMs make
such personalization feasible at a scale that was previously
impractical.

These capabilities have raised concerns about the risks
of mass influence campaigns enabled by LLMs (Hendrycks,
Mazeika, and Woodside 2023; Ostwal 2025; Ellis-Petersen
2024). Yet most evaluations of LLM-based personalization
have been conducted in controlled environments such as
user studies or simulated platforms, where participants rate
messages in isolation from the systems that would ultimately
deliver them. A critical gap therefore remains: how do LLM-
generated personalized messages perform when deployed at
scale, in real time, and within the algorithmic logic of real-
world delivery systems? The ability to generate persuasive
content is only one part of the equation. In practice, the reach
and impact of any message depend not only on its content
but also on how platforms select, prioritize, and distribute
it—processes that may amplify, attenuate, or counteract the
intended personalization.

This study addresses that gap by examining LLM-
personalized content deployed as online ads on Meta plat-
forms. Online advertising is a particularly relevant setting
for this investigation, as these systems enable scalable mes-
sage dissemination combined with precise audience selec-
tion based on inferred user traits, behaviors, and demograph-
ics. Platforms like Meta do not simply broadcast ads to a
broad audience—they optimize delivery through algorith-
mic matching, determining who sees which message based
on predicted engagement and relevance. LLM-generated ads
thus operate within an algorithmic ecosystem that mediates
their reach, potentially amplifying personalization cues for
some audiences while suppressing them for others.

We conduct a multi-part empirical investigation centered
on demographic personalization. We first generate a dataset
of personalized ads using three LLMs (GPT-40, Gemini 1.5
Pro, LLaMA 3.1 8B Instruct), targeting four demographic
groups (women, men, young adults, and older adults) us-
ing news articles as source material. To address the high
variability in unconstrained generation, we formalize three
recurring personalization strategies observed in the gener-
ated content—Ilinguistic, conceptual, and contextual—and
use this typology to systematically generate and evaluate
ads. Each ad is scored on faithfulness to the source ma-



terial, demographic relevance, and persuasiveness, and the
highest-quality variants are selected for deployment.

We evaluate these ads through three complementary ex-
periments: live testing on Meta platforms to measure how
personalization strategies affect user engagement; user sur-
veys to assess perceived appeal and compare subjective im-
pressions with behavioral outcomes; and algorithmic deliv-
ery analysis to test whether message-level personalization
cues can steer ad reach toward intended demographics with-
out explicit targeting instructions.

Our contributions are as follows:

* We show that within live settings, LLM-based personal-
ization does not consistently improve observed engage-
ment outcomes relative to non-personalized messages.
For some demographic groups, specific personalization
strategies led to lower engagement than non-personalized
alternatives. However, from the platform’s perspective,
personalized ads were generally more cost-efficient, indi-
cating that the delivery algorithm favors them even when
they do not produce higher engagement.

* By combining survey responses with field experiment
outcomes, we show that self-reported preferences do not
reliably predict real-world performance. For most demo-
graphics, participants preferred non-personalized content
in surveys, yet that variant did not outperform others in
the field. Among older adults, peer-directed judgments
favored the only strategy that significantly reduced en-
gagement. These findings suggest that survey-based eval-
uations, while informative about user perceptions, pro-
vide an incomplete picture of how personalized content
performs in algorithmically mediated environments.

* We demonstrate that LLM-based personalization cues
can influence algorithmic ad delivery, shifting demo-
graphic reach by up to 8% without explicit targeting in-
structions. However, this influence depends on how the
platform already relates to the target demographic. When
the platform strictly does not associate a piece of content
with a given group, text-level personalization alone can-
not redirect delivery toward that group, and in some cases
reduces it further.

Together, these findings suggest that the real-world im-
pact of LLM-based personalization in advertising is shaped
less by the quality of the generated content than by the al-
gorithmic infrastructure through which it is delivered. Eval-
uating such content in isolation from these delivery systems
risks overestimating its practical influence. More broadly,
our work highlights the need to study LLM-generated con-
tent not only as a product of generation but as an input to the
algorithmic systems that determine its reach and effect.

2 Background and Related Work
2.1 Background

Our experiments rely on two key properties of Meta’s ad
delivery system, which we describe below.

Audience selection is not fully controlled by the adver-
tiser. When an ad is eligible to be shown to a user, Meta’s
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system evaluates it based on the advertiser’s bid, the pre-
dicted likelihood that the user will engage, and an assess-
ment of the ad’s quality (Meta Business Help Centre 2026).
While advertisers can specify the demographic attributes
or interests of their intended audience, Meta has increas-
ingly automated this process. Its Advantage+ audience sys-
tem treats advertiser-defined attributes as suggestions rather
than hard constraints, allowing the platform’s own engage-
ment predictions to determine which users ultimately see the
ad (Meta Business Help Centre 2025a). As a result, the plat-
form may deliver an ad to users outside the advertiser’s in-
tended audience if it predicts they are likely to engage, or
withhold it from the intended audience if it predicts they are
not.

Ad content influences who sees the ad. Because engage-
ment predictions depend in part on the content of the ad—its
text, imagery, and linked material—the ad itself acts as a sig-
nal in the delivery process (Ali et al. 2019; Imana, Korolova,
and Heidemann 2021). Two ads with identical targeting pa-
rameters but different text may be shown to different users,
because the platform’s models assess their relevance to each
user differently. This property is central to our algorithmic
delivery experiment (Section 4.3), which tests whether tex-
tual personalization cues introduced by LLMs can shift who
the platform delivers an ad to, even when no audience tar-
geting criteria are specified.

2.2 Related Work

LLM-Based Personalization and Persuasion. A grow-
ing body of work has examined the ability of LLMs to
generate persuasive content tailored to specific audiences.
Meguellati et al. (2024) found that LLM-generated ads
tailored to personality traits matched the effectiveness of
human-written counterparts, while Simchon, Edwards, and
Lewandowsky (2024) showed that personality-aligned polit-
ical messages improved perceived persuasiveness, and Matz
et al. (2024) demonstrated similar effects across multiple
persuasion domains including marketing and advocacy. In
interactive contexts, Salvi et al. (2024) found that LLM-
driven personalization significantly increased persuasive im-
pact in debates. Across these studies, a consistent finding is
that LLMs can produce audience-adapted content at low cost
and with minimal human oversight. However, this evidence
has been gathered almost exclusively through surveys, con-
trolled settings, or simulated platforms. This is a notable lim-
itation, given that research in psychology and consumer be-
havior has consistently shown that stated preferences are im-
perfect predictors of actual behavior (Sheeran 2002; Chan-
don, Morwitz, and Reinartz 2005). Whether LLM-based
personalization remains effective when messages are de-
ployed through real-world channels—where reach and im-
pact are mediated by algorithmic delivery systems—remains
an open question that this study directly addresses.

Algorithmic Delivery Skews. As described in Sec-
tion 2.1, ad delivery on Meta is shaped by the platform’s own
relevance predictions, not solely by advertiser intent. Prior
auditing work has shown that this process can produce bi-
ased delivery outcomes along demographic lines—including



race, gender, and political leaning—even when advertisers
do not explicitly target these attributes (Ali et al. 2019,
2021; Imana, Korolova, and Heidemann 2021; Lambrecht
and Tucker 2019). Further work has demonstrated that
the content of an ad itself can drive these skews: ad im-
agery featuring people of different races or genders shifts
delivery along corresponding demographic lines (Kaplan
et al. 2022), and similar effects have been documented
in the delivery of climate-related ads across political and
demographic groups (Sankaranarayanan, Sapiezynski, and
O’Reilly 2025). These findings establish that content-level
signals can serve as proxies for demographic attributes, in-
fluencing delivery without advertiser intent or awareness.
With LLMs now capable of systematically generating text
that varies along any number of such attributes, the ques-
tion of whether text-level cues can steer algorithmic delivery
becomes directly relevant. Our delivery experiment (Sec-
tion 4.3) investigates this possibility.

3 Dataset
3.1 Generating Personalized Ads

We generate personalized ad texts using three language
models: Gemini 1.5 Pro, GPT-40, and LLaMA 3.1 8B In-
struct. Each model is prompted to produce ads tailored
toward one of four demographic groups—men, women,
young adults, and older adults—drawing on 20 randomly
sampled, non-political articles from The Guardian (The
Guardian 2025) across three general-interest categories
(Cities, Travel, and Culture). All three models generate ads
for every article-demographic pair, yielding an initial set of
240 personalized ads. Using multiple LLMs broadens the
pool of candidate ads and increases the likelihood of obtain-
ing high-quality outputs for subsequent selection.

We focus on gender and age as personalization at-
tributes for two reasons. First, Meta’s ad delivery platform
provides demographic breakdowns of campaign outcomes
along these dimensions, enabling us to measure whether per-
sonalized ads reach their intended audiences in our subse-
quent experiments (Section 4.3). Second, by targeting de-
mographically distinct groups—men versus women, young
adults versus older adults—we maximize the contrast be-
tween conditions, making it easier to detect personalization
effects if they exist.

This initial round of generation, however, revealed sub-
stantial variability in how models applied personaliza-
tion. Some ads contained explicit tailoring—direct audi-
ence address, stylistic shifts, or demographic-specific fram-
ing—while others relied on subtle reframing or showed no
clear personalization at all. Refining the prompts did not
meaningfully reduce this inconsistency (see Appendix A).
Rather than treating this variability as noise, we analyzed the
outputs and identified three recurring strategies that models
employed, which we formalized into a typology to guide a
second, controlled round of generation:

 Linguistic personalization adapts the tone, style, or
mode of address to match how the target audience com-
municates. An ad targeting young adults might use in-
formal, high-energy language, while one targeting older
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adults might adopt a more measured and reflective tone.

* Conceptual personalization introduces themes associ-
ated with the target audience that go beyond what the
source article contains. A travel article, for instance,
might generate an ad around nostalgia and life reflection
for older adults, or around self-discovery and adventure
for young adults.

» Contextual personalization selectively emphasizes ele-
ments already present in the source article likely to res-
onate with a particular group. From the same hiking arti-
cle, an ad targeting men might foreground physical chal-
lenge and endurance, while one targeting women might
highlight scenic beauty and personal transformation.

Conceptual and contextual personalization differ in where
the cue originates—external to the source article or within
it. We maintain this separation because they represent dis-
tinct generation behaviors observed in the LLM outputs, and
because they allow us to test whether the origin of the cue
affects engagement and delivery differently.

Using this typology, we generate a controlled dataset that
systematically varies strategy across demographics and ar-
ticles. For each of the 20 articles, we produce one ad per
strategy for each of the four demographic groups, resulting
in 12 personalized ads per article (3 strategies x 4 groups).
Each article also receives one non-personalized ad designed
to appeal to a broad audience. This process is repeated with
all three LLMs, yielding a total of 780 ads: 720 personalized
and 60 non-personalized.

3.2  Quality Assessment

Before deploying ads in field experiments, we evaluate the
generated outputs to assess whether the three models re-
liably produce persuasive, audience-aligned content across
the three personalization strategies, and to select the highest-
quality ads for real-world testing.

We adopt a model-as-a-judge approach (Liu et al. 2023),
using GPT-4o to rate each ad along three dimensions: faith-
fulness to the source article, relevance to the target audi-
ence, and persuasiveness. Each dimension is scored on a
1-5 Likert scale (Batterton and Hale 2017) using structured
prompts designed to standardize evaluation criteria (see Ap-
pendix A.2). While model-based evaluation lacks the nu-
ance of human judgment, it ensures consistency across hun-
dreds of ad variants and avoids annotator variability. Prior
work has also shown that GPT-40 ratings approximate hu-
man judgments with reasonable fidelity (Bavaresco et al.
2024).

Table 1 summarizes the results. The three strategies ex-
hibit distinct trade-offs. Contextual personalization scored
highest on faithfulness, as it preserves the source article
and selectively foregrounds relevant elements, but this con-
servatism resulted in lower relevance scores. Conceptual
personalization, by contrast, scored highest on relevance
and persuasiveness, but lowest on faithfulness—an expected
consequence of introducing themes not present in the origi-
nal text. Linguistic personalization fell between the two on
faithfulness and relevance, but was rated the least persuasive,



Metric Linguistic = Conceptual Contextual
Faithfulness 3.31(0.73)*  3.26 (0.76)*  3.77 (0.69)°
Relevance 3.48 (0.76)*  3.52(0.71)*  3.06 (0.78)"
Persuasiveness  2.79 (0.37)*  2.98 (0.35)°  2.90 (0.43)°

Table 1: Mean (£ SD) scores for each evaluation metric by
personalization strategy. Within each row, values with dif-
ferent superscript letters differ significantly (Tukey HSD,
p < 0.05).

possibly because overt audience address or informal tone re-
duces perceived credibility, one of the sub-dimensions in our
persuasiveness metric.

Ad Selection Based on these scores, we selected the top-
performing ads from a single article for use in the field ex-
periments. Selection followed a weighted scoring system
that prioritized persuasiveness (60%), reflecting its central
role in advertising effectiveness, with relevance and faithful-
ness each contributing 20% to ensure audience fit and source
integrity. All selected ads were manually reviewed to con-
firm clarity, appropriate tone, and factual accuracy.

4 Experiments

Evaluating LLM-based personalization in real-world adver-
tising requires disentangling several factors that jointly de-
termine an ad’s impact. When a personalized ad is deployed
on a platform like Meta, the engagement it receives re-
flects not only the appeal of its content but also the plat-
form’s delivery optimization, which determines which users
see the ad based on its own relevance predictions. To sep-
arate these effects, we design three complementary exper-
iments. We first deploy ads on Meta through live testing,
where all ad variants run under identical conditions, to mea-
sure whether personalization improves user engagement. We
complement these results with a survey in which partici-
pants from the same demographic groups evaluate the same
ads outside of any algorithmic context, isolating perceived
appeal from platform-mediated outcomes. Finally, we turn
from user response to platform behavior, testing whether
LLM-generated personalization cues can shift algorithmic
delivery toward intended demographics without explicit tar-
geting, and whether the platform’s own relevance predic-
tions constrain this effect.

4.1 User Engagement on Social Media

We first assess whether LLM-based personalization im-
proves user engagement when ads are deployed on Meta
platforms. To compare engagement across ad variants, we
use Meta’s built-in A/B testing tool, which divides the tar-
get audience into non-overlapping groups, each exposed to a
single ad variant, under identical budget, schedule, and bid-
ding conditions (Meta Business Help Centre 2025b). An im-
portant caveat applies to interpreting results from this tool.
As Boegershausen et al. (2025) have shown, Meta’s A/B
testing does not constitute a true randomized experiment.
While the audience is split across conditions, the platform’s
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delivery algorithm continues to optimize within each group,
selectively showing ads to users it predicts are most likely to
engage. Observed differences in engagement therefore re-
flect the joint effect of the ad’s content and the platform’s
delivery decisions, and cannot be attributed to message con-
tent alone. We do not treat these results as causal estimates
of personalization’s effect on individual persuasion. Rather,
they capture how personalized ads perform under realistic
deployment conditions—the same conditions an advertiser
using LLM-generated content would face.

Experiment Design. We conducted four separate tests,
each targeting a distinct demographic group: women, men,
young adults (ages 18-24), and older adults (ages 55+), all
based in the United Kingdom. For each group, we created
a campaign in Meta’s Ad Manager with the optimization
objective set to Engagement (any interaction such as likes,
shares, comments, or saves). Within each campaign, five ad
sets were configured with identical budgets (€20 per day),
schedule (3 days), and bidding strategy (maximize results),
each containing a single ad variant. The five variants were:

1. A no-text version containing only an image, serving as
a baseline to isolate the effect of textual content on en-
gagement.

2. A non-personalized version using the best-performing
broadly appealing ad.

3. A linguistic variant adapting language and tone to the
target audience.

4. A conceptual variant introducing audience-relevant
themes.

5. A contextual variant emphasizing source material ele-
ments aligned with the audience.

Meta’s A/B testing tool assigned each variant to a separate,
non-overlapping audience segment, ensuring that each user
saw only one version of the ad.

Measurement. We extract outcome data for each test us-
ing Meta’s Graph API (Meta for Developers 2025b), collect-
ing demographic breakdowns of reach (unique users shown
each ad) and engagement (total interactions). We fit a logis-
tic regression model predicting engagement (1 = engaged, 0
= did not engage) with user gender, age group, and ad vari-
ant as predictors, along with two-way interactions between
demographics and variant (age x variant and gender X vari-
ant) to capture differential effects across groups.

We also extract Meta’s internal win rate metric, which
simulates thousands of delivery scenarios to estimate the
probability that a given ad outperforms others in terms of
cost-per-action (CPA) (Meta Business Help Centre 2025d).
CPA is computed as total campaign cost divided by the
number of engagement outcomes—a lower CPA indicates
more engagement per unit of cost. Because the CPA and win
rate reflect the platform’s assessment of an ad’s consistency
and algorithmic favorability across delivery scenarios, they
capture a dimension of performance that engagement rates
alone do not.



Hypotheses. We test two expectations. First, that person-
alized ad variants yield higher engagement rates than non-
personalized alternatives within the platform’s delivery op-
timization (H1). Second, that personalization effects are not
uniform—different strategies may be more or less effective
depending on the demographic group (H2).

Results. Table 2 summarizes the results. We organize find-
ings around engagement rate, which captures user response,
and platform-side metrics (CPA and win rate), which capture
how the delivery system values each variant.

Engagement Rate. Personalized ad variants did not con-
sistently outperform the non-personalized baseline (full
model results in Appendix A.4). None of the personaliza-
tion strategies showed significant main effects relative to the
controls (Linguistic: 8 = 0.11, p = 0.33; Conceptual: 5 =
0.05, p = 0.65; Contextual: 5 = 0.10, p = 0.37 ). However,
the effects of personalization varied across demographics.
Linguistic personalization significantly reduced engagement
among older adults (Older Adults x Linguistic: 5 =-0.62, p
= 0.005), while showing a marginally positive effect among
women (Women x Linguistic: 8 =0.29, p = 0.06). This sug-
gests that, under the platform’s delivery optimization, cer-
tain personalization strategies may be associated with lower
engagement than ads with no text at all.

CPA and Win Rate. Platform-side metrics tell a different
story. Across most demographic groups, personalized ads
achieved lower CPA and higher win rates than both the no-
text and non-personalized variants. The most effective strat-
egy varied by group: linguistic personalization produced the
lowest CPA for young adults and women, while conceptual
personalization performed best for men and older adults.
This indicates that the platform’s delivery algorithm re-
sponds favorably to personalized content—even when users
themselves do not engage more—suggesting that personal-
ization aligns with the platform’s internal relevance signals.

Takeaways. Within the platform’s delivery optimization,
LLM-generated broadly appealing content performed as
well as personalized variants, suggesting that LLMs pro-
duce effective ad content without requiring demographic tai-
loring. At the same time, the platform consistently favored
personalized ads in terms of cost efficiency, creating a dis-
connect: personalization is rewarded by the delivery system
even when it does not produce higher user response. This
raises a question that the following experiments address: if
personalization does not improve user engagement, what is
its actual effect within algorithmically mediated advertising?

4.2 Survey-Based Evaluation of Ad Appeal

The previous experiment captures how personalized ads per-
form under realistic deployment conditions, but observed
outcomes are shaped in part by the platform’s delivery op-
timization. To assess how users perceive these ads indepen-
dently of algorithmic mediation, we conducted a survey in
which participants from the same demographic groups eval-
uated the same ad variants used in the live test.

Design. We designed four surveys, one per demographic
group: men, women, young adults (ages 18-24), and older
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adults (ages 55+). Each survey recruited 200 participants
through Prolific (N = 800 total), pre-screened for UK res-
idency and English fluency to match the population of our
field experiment. To prevent overlap between samples, par-
ticipants who completed one survey were excluded from all
others. Gender-specific surveys included participants across
age groups; age-specific surveys did not restrict by gender.
Each participant was shown four ad variants tailored to
their demographic group: one non-personalized, one lin-
guistic, one conceptual, and one contextual. They answered
three forced-choice questions, selecting the ad they found
(1) most personally appealing, (2) most appealing to people
like them, and (3) most likely to engage with if encountered
online. Participants could also indicate no preference.

Hypothesis. Based on the live deployment results, where
personalization was not consistently associated with im-
proved engagement for most groups, we expect that par-
ticipants will report similar or higher appeal for the non-
personalized variant compared to personalized alternatives
(H3).

Results. We compute the percentage of respondents se-
lecting each variant per question and assess significance us-
ing binomial tests. Results are summarized in Table 3 (see
Appendix A.3 for full results). For men, women, and young
adults, participants selected the non-personalized variant as
most appealing across all three questions. In the live de-
ployment, however, none of the variants—personalized or
not—differed significantly in observed engagement for these
groups. The survey thus reveals a stated preference for
broadly appealing content that does not correspond to a mea-
surable performance difference on the platform.

The older adult group presents a more nuanced picture. In
the survey, participants rated conceptual personalization as
the most personally appealing and the most likely to prompt
their engagement. In the live test, conceptual personaliza-
tion achieved the best platform-side metrics for this group
(lowest CPA and highest win rate), though without a sta-
tistically significant improvement in engagement. However,
when asked what their peers would find most appealing,
older adults selected linguistic personalization—the strategy
that produced the only significant negative effect on engage-
ment in our regression for this group. Older adults’ personal
preferences thus aligned with the platform’s assessment of
ad quality, but their peer-directed judgments pointed toward
the least effective strategy.

Takeaways. These results illustrate two ways in which
survey measures can diverge from observed engagement
outcomes under real deployment conditions. For most de-
mographics, participants expressed a preference for non-
personalized content that did not translate into a perfor-
mance difference in the field. Among older adults, personal
preferences aligned with platform-side metrics, but peer-
directed judgments pointed toward the only strategy that sig-
nificantly reduced engagement. In both cases, self-reported
preferences captured nuances in how users perceive per-
sonalized content, but these nuances did not reliably pre-
dict real-world impact. This is particularly relevant given



Demographic Ad Variation Reach Engagement (%) CPA (€) Win Rate
Women No text 656 26 0.12 0.28
No Personalization 607 21 0.14 <0.05
Linguistic 616 27 0.12 0.30
Conceptual 601 26 0.12 0.15
Contextual 637 25 0.12 0.24
Men No text 805 21 0.12 0.23
No Personalization 736 22 0.12 0.10
Linguistic 733 20 0.14 <0.05
Conceptual 730 24 0.11 0.36
Contextual 816 21 0.12 0.28
Young No text 482 24 0.14 <0.05
No Personalization 515 20 0.13 <0.05
Linguistic 578 26 0.10 0.88
Conceptual 567 22 0.13 <0.05
Contextual 556 21 0.13 <0.05
Old No text 710 13 0.17 0.07
No Personalization 580 19 0.15 0.28
Linguistic 718 14 0.16 0.07
Conceptual 534 20 0.14 0.46
Contextual 543 19 0.16 0.12

Table 2: Ad performance on Meta platforms by demographic group and ad variant. Reach is the number of unique users
shown each variant. Engagement is the proportion of reached users who interacted with the ad. CPA is the average cost per
engagement outcome in euros. Win rate is the estimated probability that a variant outperforms others across Meta’s simulated

delivery scenarios.

that much of the existing literature on LLM-based persua-
sion draws its conclusions from survey instruments alone.
Our findings suggest that such evaluations, while informa-
tive about user perceptions, provide an incomplete picture
of how personalized content performs once it enters an al-
gorithmically mediated environment.

4.3 Algorithmic Delivery Analysis

Our first two experiments show that LLM-based person-
alization has limited impact on observed engagement out-
comes under the platform’s delivery optimization and that
survey preferences do not reliably predict deployment per-
formance. We now ask a different question: even if person-
alized text does not consistently produce higher engagement
outcomes, does it influence which users the platform deliv-
ers the ad to?

Design. Using the same ads selected for the live test,
we run delivery experiments for four demographic targets:
women, men, young adults (18-24), and older adults (55+).
For each target, we test all three personalization strategies
separately. Each test consists of a campaign with 30 iden-
tical ad sets, all containing the same ad text paired with a
generic image and a link to the source article. Running 30
simultaneous ad sets per condition allows us to account for
variability in Meta’s delivery system and obtain more sta-
ble estimates of demographic reach. Critically, all audience
targeting parameters are left unrestricted—ads are eligible
to be shown to users of any gender and age group in the
United Kingdom, with no predefined interests or behavioral
filters. All ad sets share an identical budget (€10) and run
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simultaneously for 12 hours, with the optimization objective
set to maximize engagement. Under these conditions, the
platform autonomously determines which users see the ad
based entirely on its own relevance predictions. Campaigns
were implemented using the Facebook Business SDK (Meta
for Developers 2025a) and Meta Ads Manager (Meta Busi-
ness Help Centre 2025¢), with performance data collected
through the Graph API (Meta for Developers 2025b).

Baseline. To measure how much the textual content of an
ad influences delivery, we include a control condition: an
image-only ad with the same link and settings but no text
(see Figure 1 in the Appendix). Any difference in demo-
graphic reach between the text-bearing ads and this baseline
can be attributed to the platform’s response to the textual
content of the ad.

Measurement. For each condition, we compute the pro-
portion of users in the target demographic reached across
30 ad sets. For gender experiments, we report the median
proportion of male users reached; for age experiments, the
median proportion in the target age bracket. We compare
each personalization condition to the no-text baseline using
z-tests for proportions.

Results. Gender. Table 4 reports the median proportion of
male users reached. The baseline already exhibits a gender
skew: 62.7% of impressions were served to men. This likely
reflects the platform’s association of the linked content—a
Guardian article—with male audiences, consistent with doc-
umented gender gaps in news media consumption (Kassova
2023), combined with lower average advertising costs for



Demographic  Preferred Ad Appeal (%) Peer Appeal (%) Engagement (%)

Men No Personalization 41.8* 36.8" 39.8*"

Women No Personalization 41.8" 37.3* 37.3**

Young No Personalization 36.6™" 327 36.1*"

Old Conceptual 28.5% - 28*
Linguistic - 37.5** -

*p < 0.05, * p < 0.01, ** p<0.001

Table 3: Survey results by demographic group. For each question, the table shows the most frequently selected ad variant and
the percentage of respondents who chose it. Significance is assessed using binomial tests. Dashes indicate that the variant was

not selected significantly more than others in the category.

Ad Variation Total Reach Men (%)
Baseline  No text 3748 62.65
Men Linguistic 4430 64.19"
Conceptual 5289 62.42
Contextual 5635 61.86
Women  Linguistic 4583 54.37"**
Conceptual 5562 58.93"
Contextual 5316 58.72**

*p < 0.05, % p < 0.01, ¥ p < 0.001

Table 4: Demographic reach for gender-targeted ad variants.
Each row reports the total reach and the median percentage
of male users across 30 ad set trials. All comparisons are
against the no-text baseline using z-tests for proportions.

male users on the platform (Lebesgue 2024).

Against this skewed baseline, linguistic personaliza-
tion—the most explicit form of tailoring—produced clear
shifts in both directions. Ads linguistically tailored for men
increased male reach (z = 2.20,p = 0.027), while those
tailored for women significantly reduced it (z = —6.80,p <
0.001), effectively shifting delivery by over 8 percent-
age points toward female users. Conceptual and contextual
strategies showed no significant effect for male-targeted ads,
but both shifted delivery toward women when the ads were
women-targeted (Conceptual: z = —2.04, p = 0.041; Con-
textual: z = —2.88, p = 0.003), reducing the male share by
approximately 4 percentage points.

Unlike the ads examined in prior delivery audits, where
the content itself is strongly tied to a demographic, such as
job listings in male-dominated fields, or imagery associated
with specific groups (Ali et al. 2019; Imana, Korolova, and
Heidemann 2021; Kaplan et al. 2022), the ads in our ex-
periments promote a general-interest travel article with no
inherent demographic association. The only difference be-
tween variants is the ad text, generated by an LLM through
a single prompt. Yet these text-level cues alone were suffi-
cient to shift the platform’s delivery decisions. This suggests
that the proxy targeting mechanisms identified in prior work
extend to LLM-generated content, where the barrier to pro-
ducing such cues is negligible, and the process is trivially
scalable.

Age. Tables 5 and 6 report results for age-based person-
alization. The baseline reach among young adults (18-24)
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was 41%, indicating that the platform already associates
the content with younger audiences. Among this group,
only contextual personalization produced a significant ef-
fect, increasing youth reach by over 8 percentage points
(# = 6.42,p < 0.001). Linguistic and conceptual strategies
had no significant impact. This contrasts with the gender re-
sults, where linguistic personalization was most effective at
shifting delivery, suggesting that the type of cue the platform
responds to varies across the tested dimensions.

The pattern for older adults (55+) is strikingly different.
The baseline reach for this group was just 14%, indicat-
ing that the platform does not associate the content with
older users. None of the personalization strategies improved
delivery to this group. Linguistic and conceptual personal-
ization further reduced reach by approximately 6 percent-
age points (z = —8.64 and z = —8.22, respectively;
p < 0.001), while contextual personalization had no sig-
nificant effect. This means that explicitly tailoring an ad for
older adults—using direct address, age-relevant language, or
thematic framing—Ied the platform to show it to fewer older
users, not more.

This finding has important implications. It suggests that
when the platform’s relevance model does not associate a
piece of content with a demographic group, adding personal-
ization cues to the text does not override that assessment—it
may instead introduce signals that the platform interprets as
reducing relevance for the broader audience, further narrow-
ing delivery. In the context of LLM-based personalization,
this means that generating targeted text is not sufficient to
reach the intended audience. The platform acts as a gate-
keeper whose relevance predictions can override, and even
counteract, the advertiser’s intent.

Takeaways. Our findings show that LLM-generated text,
produced through a simple prompting step, is sufficient to
shift ad delivery toward a target demographic without any
explicit targeting parameters, demonstrating that proxy tar-
geting through ad content is trivially scalable. However,
this capacity is not uniform across demographic attributes,
and personalization can be counterproductive for groups the
platform already deprioritizes. LLM-based personalization
deployed without explicit targeting may therefore correct
delivery imbalances for some groups while deepening them
for others, with implications for equitable access to informa-
tion in algorithmically mediated environments.



Ad Variation Total Reach Young (%)
Baseline  No text 3748 40.94
Young Linguistic 4732 41.10

Conceptual 4923 45.66

Contextual 4627 49.07**

*p < 0.05, % p < 0.01, #* p < 0.001

Table 5: Demographic reach for young adult-targeted ad
variants (ages 18-24). Each row reports the total reach and
the median percentage of users aged 18—24 across 30 ad set
trials. All comparisons are against the no-text baseline using
z-tests for proportions.

Ad Variation Total Reach Old (%)
Baseline  No text 3748 14.11
old Linguistic 4826 8.09**

Conceptual 4931 7.897**

Contextual 4846 14.74

*p < 0.05, % p < 0.01, ¥ p < 0.001

Table 6: Demographic reach for older adult-targeted ad vari-
ants (ages 55+). Each row reports the total reach and the me-
dian percentage of users aged 55 and older across 30 ad set
trials. All comparisons are against the no-text baseline using
z-tests for proportions.

5 Limitations

Our study has several limitations that should be considered
when interpreting the results. Our field experiments and de-
livery analysis were conducted on a single platform—Meta.
Other platforms employ different optimization algorithms
and delivery mechanisms, and our findings may not general-
ize to systems such as Google Ads or X. Ad delivery systems
are also subject to frequent updates, which may affect the re-
producibility of specific results over time. Our personaliza-
tion targets are limited to binary gender and two age brack-
ets, a constraint imposed by Meta’s demographic reporting
infrastructure. Richer attributes, such as interests or person-
ality traits, may enable more effective tailoring but would
require alternative measurement approaches. Moreover, the
prompts for personalized and non-personalized conditions
reflect different generation objectives—broad appeal versus
demographic tailoring—which necessarily involve different
instructions. While this means the conditions are not identi-
cal in prompt structure, they reflect the realistic distinction
between personalized and non-personalized ad generation as
it would be practiced. More generally, LLM outputs are sen-
sitive to prompt design, and it is difficult to establish whether
a given prompt elicits the best possible output from a model.
Different prompt formulations, more detailed instructions,
or expert-crafted few-shot examples may yield more effec-
tive personalized ads than those tested here—a limitation
shared by any study that evaluates LLM-generated content.
Finally, our field experiments use a single source and single-
attribute personalization for consistency and interpretability;
different content or multi-attribute targeting may produce
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different dynamics.

6 Conclusion

This study evaluates LLM-based personalization not in iso-
lation, but within the algorithmic infrastructure that de-
termines an ad’s reach and impact. Across three experi-
ments, a consistent picture emerges: personalized messages
are not consistently associated with improved engagement
outcomes over broadly appealing alternatives, a pattern ob-
served in both live deployment and survey settings. Where
personalization does have an effect, it is primarily on the
platform rather than on observed user response—generated
ads achieve better cost efficiency, and their textual cues can
shift algorithmic audience selection by up to 8% without any
explicit targeting. These results suggest a reframing of the
concern around LLM-enabled influence at scale. The risk
may be less that LLMs produce messages that are more per-
suasive to individuals, and more that they make it trivial
to generate content that interacts with delivery algorithms
in ways that shape who is exposed to what. At the same
time, our findings show that LLMs are capable of producing
broadly appealing content that performs well without any
demographic tailoring—a capacity that, combined with the
low cost and effort of generation, may prove more conse-
quential for the advertising landscape than personalization
itself.

As LLMs become embedded in advertising workflows,
the question is not only whether their outputs are persua-
sive, but how those outputs interact with the opaque delivery
systems that mediate their reach. Our work takes a first step
toward answering that question empirically, and we hope
it encourages further research at the intersection of LLM-
generated content and algorithmic delivery.

Ethical Statement

This study was approved by the institutional ethics re-
view board (ERB) under a project-wide protocol. All LLM-
generated ads used in the field experiments were manually
reviewed to exclude misleading, harmful, or factually inac-
curate content, and the source material was limited to a neu-
tral topic with positive connotations (Travel, Cities, and Cul-
ture) to minimize the risk of exposing users to objectionable
content.

We acknowledge a transparency limitation in the field ex-
periments: Meta’s Ad Manager did not support labeling ads
as Al-generated at the time we conducted the experiments,
and embedding such disclosures in the ad text would have
introduced a confound by altering both user response and
algorithmic delivery. Users exposed to ads on the platform
were therefore not informed that the content was generated
by an LLM. We believe this is justified given the benign
nature of the advertised content and the study’s contribu-
tion to understanding the real-world implications of LLM-
based personalization—findings that are themselves relevant
to informed public discourse on Al-generated advertising.
Survey participants were fully debriefed after completing
the study and informed that the ads they evaluated were
LLM-generated and demographically tailored. They were



also provided with resources about large language models
(see Appendix A.3).
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A Appendix
A.1 Generating Ads Prompts

Simple Prompt The following is the prompt used to gen-
erate the initial ads dataset. The prompt is simple and is
similar to a lot of prompts used in prior research in this
area (Matz et al. 2024; Hackenburg and Margetts 2024):

Write 5 persuasive Facebook Ad Text Bodies (Three
sentences maximum) for the following article:
{article}.
Each ad is tailored for one of the following
audiences:

1. Neutral: a broad, general audience.

2. Men: a male demographic.

3. Women: a female demographic.

4. Young adults 18--24 years old: a younger
demographic no older than 24 years old.
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5. 0ld adults 55+ years old: a senior demographic
no younger than 55 years old

Detailed Prompt We added details about how targeting
can be achieved and instructions to clarify the objectives.

Write five persuasive Facebook ad texts to promote
the provided media content from the Guardian:
{article}

Each ad variation is designed to resonate with one
of the following demographics:

. Neutral: Appeal to a broad, general audience.

. Men: An ad targeted to a male demographic.

w N =

Women: An ad targeted to a female demographic.
4. Young adults 18--24 years old: An ad that
resonates with a younger demographic no older than
24 years old.
5. 0l1ld Adults 55+ years old: An ad that resonates
with an older demographic no younger than 55 years
old.

Instructions:

* Ad Text: The tailored ads for women, men, young
adults and old adults should be distinct from the
neutral ad text, and clearly reflect the unique
interests and preferences of each demographic.

* Targeting Explanation: For each ad variation,
provide a concise explanation that clearly
articulates how and why the ad is tailored to
its target demographic.

* Content Relevance: Ensure all generated ad
text is coherent, factually accurate, and directly
relevant to the provided news article.

% Clear Call to Action: Add a clear call to
action ("Read more," "Learn more") within each ad
text.

* Character Count: Aim for a character count
suitable for Facebook ads, ideally under 280
characters. However, prioritize clarity and
persuasiveness over strict adherence to this

limit.

One-Shot To encourage stronger personalization, we ap-
pended a worked example to the zero-shot prompt, showing
demographically tailored ads for a sample article. This ex-
ample was designed to illustrate the expected style and level
of differentiation across demographic groups.

[Detailed Zero-shot prompt]

Here’s an example of personalized ads crafted for

the following article: [Provided article]

Personalized Ad texts:

*Men*: A gripping tale of friendship, ambition,
and the fight for survival. Lisa Ko’s Memory
Piece masterfully blends personal struggles with a
stark dystopian future, challenging perceptions of

success and freedom.

*Womenx: Discover the power of female friendship
and resilience in Lisa Ko’s Memory Piece. This
moving novel explores the lives of three women
across time, highlighting their triumphs and

struggles against a backdrop of societal change.

*01ld adultsx: Reflect on the passage of time
and the enduring power of memory in Lisa Ko’s



*Clear Call to Actionx:
action
text.

Add a clear call to
within the ad

captivating Memory Piece. This thought-provoking

novel explores themes of friendship, societal ("Read more," "Learn more")

change, and the importance of preserving our

history. Discover more! .
y Aim for a character count

ideally under 280

prioritize clarity and

*Character Countx:

*Young Adultsx: Get ready for a wild ride suitable for Facebook ads,

through time! Memory Piece is a mind-bending characters. However,

novel that tackles big issues —-- from the art persuasiveness over strict adherence to this
world to a dystopian future -- with sharp wit and limit.

unforgettable characters. Click to learn more!

A.2 Evaluation Prompts

We detail below the prompts used for each of the three eval-
uation metrics: faithfulness, relevance, and persuasiveness.
Each prompt instructs GPT-40 to score an ad along specified
dimensions and return a weighted composite score.

*Neutral+: Explore the intersection of memory,

art, and dystopia in Lisa Ko’s Memory Piece.
This poignant novel follows three friends across
decades, weaving together personal narratives with

a chilling vision of the future. Read more!

Controlled Personalized Ad Generation Prompt The

Faithful
following prompt was used to generate the final dataset of arthiuiness

ads, with the personalization strategy specified:

Task Description:

Write 3 persuasive Facebook ad texts to promote
the provided media content from the Guardian:
{article}.

The ad is tailored specifically to an audience of:
{attribute}

Instructions:
*Ad Generationx:

The first ad will use xLanguage-based
personalization*: the ad uses specific language
or tone that align with the target audience, such
as explicitly naming the group or using a tone

that fits the target audience.

The second ad will use =xConcept-based
personalizationx: the ad introduces new themes
or ideas that reflect the characteristics or
interests of the target audience, beyond what is

in the original article.

The third ad will use *Context-based
personalization+: the ad adapts arguments or
elements directly from the original article to

appeal to the target audience.

*Clear Call to Action:* Add a clear call to
action
text.

("Read more," "Learn more") within each ad

*Character Count:* Aim for a character count
ideally under 280
prioritize clarity and

suitable for Facebook ads,
characters. However,
persuasiveness over strict adherence to this

limit.

Non-Personalized Ad Generation The following prompt
non-

was used to generate the broadly appealing,
personalized ads:

Task Description:

Write a persuasive Facebook ad text to promote
the provided media content from the Guardian:
{article}

Instructions:
*Ad Generationx: The ad is persuasive to a broad
and general audience and does not target any

specific group or demographic attribute.
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You are an expert evaluator tasked with assessing
the faithfulness of a generated ad text to the
provided context. Your evaluation will be based on

the following dimensions:

1. =*xContent Accuracy (CA)
does the text reflect the details provided in the
1 to 5)

2. xxMessage Alignment

:x*x How accurately
context? (Score:
(MA) : x*x How well does the
text align with the intended message or theme in
1 to 5)
3. xxContextual Completeness

the context? (Score:
(CC) : xx Does the
text include xxallxx key elements specified in the
1 to 5)

context? (Score:

*xScoring Guidelines:*x

- 1 = Poor (completely inconsistent with the
context)
- 2 = Below Average (largely inconsistent with

the context)

- 3 = Average (partially consistent with the

context)
- 4 = Good (mostly consistent with the context)
- 5 = Excellent (fully consistent with the
context)

*+«Context:x+ {context}
*Generated Ad Text:+x {ad-text}

*xTask:x*

1. Assign a score (1 to 5) for each dimension.
2. Calculate the Faithfulness Score (FS) using

the formula:
FS = (CA x 0.50) + (CC = 0.25) + (MA * 0.25)

*xOutput Format:xx
Format your response as a JSON object with the
following structure:

{{ "faithfulness" <FS> }}

Relevance

You are an expert evaluator tasked with assessing
the relevance of a generated text as an
advertisement. Your evaluation will be based on

the following dimensions:

1. xxAttention Capture (AC):%xx How effectively
does the text grab the reader’s attention?
1 to 5)

2. xxHighlighted Information

(Score:

(HI) : #x How clearly
and effectively does the text communicate the core



idea or message? (Score: 1 to 5)

3. *xTarget Audience Alignment (TAA):x% How well
does the text resonate with the intended audience?

(Score: 1 to 5)

*xScoring Guidelines:*x

- 1 = Poor
- = Below Average
- Average
= Good

= Excellent

g W N
I

xxText to Evaluate:xx {ad-text}
xIntended Audience:*x {target_group}

*xTask:*x

1. Assign a score (1 to 5) for each dimension.

2. Calculate the Relevance Score (RS) using the
formula:
RS = (AC % 0.20) + (HI = 0.30) + (TAA = 0.50)

**Output Format:*x
Format your response as a JSON object with the
following structure:

{{ "relevance" : <RS> }}

Persuasiveness

You are an expert evaluator tasked with assessing
the persuasiveness of a generated text. Your
evaluation will be based on the following

dimensions:

1. *xClarity
is the text?

(C) :xx How clear and understandable
1 to 5)
2. xxArguments Strength

(Score:
(AS) : xx How strong and
logical are the arguments used to convince the

1 to 5)

(CR) : ** How credible and

reader?

3. x*xCredibility

(Score:

trustworthy is the text? (Score: 1 to 5)
4. x*xCall to Action (CTA) :+x How effectively does
the text motivate the reader to act? (Score: 1 to

5)

*xScoring Guidelines:x*x

- 1 = Poor
- = Below Average
- = Average
= Good

= Excellent

g W N
I

+xText to Evaluate:xx {ad-text}

*xTask:*x
(1 to 5)
2. Calculate the Persuasiveness Score

for each dimension.
(PS)

1. Assign a score
using
the formula:

PS = (C x 0.2) +
* 0.1)

(AS = 0.4) + (CR = 0.3) + (CTA

*xOutput Format:*x

Format your response as a JSON object with the

following structure:
{{ "persuasiveness" <Ps> }}

A.3 Survey Materials

Survey Debrief The following message was shown to par-
ticipants after completing the survey:

In this survey, the ad texts that you were exposed to were written by Al (in
the form of a large language model). Furthermore, the ads were tailored to
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Figure 1: Preview of a baseline (no text) ad on Instagram
Mobile Feed. The same stock image was used across all
campaigns.

be persuasive to someone of your particular demographic. We appreciate the
time you spent participating in this experiment. You can learn more about
LLMs here. If you have any further questions, please reach out to the re-
searchers here.

Survey Compensation Participants were recruited
through Prolific. Each participant was paid £0.25 for
completing the task, which had a median completion time
of 1 minute and 38 seconds, corresponding to an estimated
hourly wage of approximately £9.23/hour. This exceeds
UK minimum wage standards for online research. Each
survey collected 200 responses per demographic group
(men, women, young adults, and older adults), for a total
compensation of £200.

Full Survey Results Table 7 reports the survey results in
detail.

A.4 Field Experiment Materials

Advertised Content Figures 1 and 2 show how the ads
appeared to users. The image was held constant across all
experiments—both in the live testing and algorithmic deliv-
ery trials—to isolate the effect of textual variation.

Table 9 lists the ad variants used in the field experiments,
organized by demographic group and personalization strat-
egy. For each entry, we report the generating model and the
weighted score used for selection, based on the evaluation
described in Section 3.2.

Regression Details We fit a logistic regression model pre-
dicting user engagement (1 = engaged, 0 = did not engage)
with the following predictors: ad variant (no text, neutral,
linguistic, conceptual, contextual), age group (young adults
as reference), gender (male as reference), and their two-way



Demographic  Question Broad (%) Conceptual (%) Contextual (%) Linguistic (%) No Preference (%)
Men Personal Appeal 41.8 16.9 234 8.5 9.5
Peer Appeal 36.8 20.9 17.4 14.4 10.4
Engagement 39.8 19.4 20.4 8.5 11.9
Women Personal Appeal 41.8 16.4 20.9 13.4 7.5
Peer Appeal 37.3 18.9 14.4 18.4 10.9
Engagement 37.3 159 14.9 14.4 17.4
Young Personal Appeal 36.6 20.3 16.3 20.3 6.4
Peer Appeal 32.7 23.3 20.3 17.8 5.9
Engagement 36.1 16.8 19.3 18.3 9.4
Old Personal Appeal 14.5 28.5 17.5 22.5 17.0
Peer Appeal 11.0 23.5 15.5 37.5 12.5
Engagement 14.5 28.0 17.0 27.5 13.0

Table 7: Full survey results by demographic group. Each cell reports the percentage of respondents who selected that ad variant
in response to each question. “Broad” refers to the non-personalized variant. “No Preference” indicates the respondent did not

favor any variant.
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Ready for a life-changing adventure? Discover the GR
20, Europe's toughest trek, and transform your mind
and body. Experience Corsica's breathtaking
landscapes and find your true self. [ Read more
about this incredible journey!

Figure 2: Preview of a general appeal ad on Instagram Mo-
bile Feed.

interactions (age x variant, gender x variant). The model
uses N = 12,586 observations extracted via the Meta Graph
API. The no-text variant serves as the reference category for
ad variant comparisons. Full results are reported in Table 8.

None of the personalization strategies show significant
main effects, indicating that on average, personalized ads
did not improve engagement relative to the no-text base-
line. Older adults engaged significantly less overall (5 =
—0.467,p = 0.007), consistent with generally lower en-
gagement rates among this group on the platform.

The interaction terms, however, reveal that personaliza-
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tion effects differ across demographics. The most notable
finding is the significant negative interaction between older
adults and linguistic personalization (8 = —0.619,p
0.004), indicating that this strategy substantially reduced en-
gagement among older users relative to what would be ex-
pected from the main effects alone. For younger users, the
same strategy had no significant effect, suggesting that lin-
guistic tailoring is not inherently ineffective but produces
adverse outcomes for audiences who do not respond well
to overt demographic address.

Among women, linguistic personalization showed a
marginally positive interaction (8 = 0.289, p = 0.055), ap-
proaching significance at the 0.05 level. No other interaction
terms reached significance, indicating that conceptual and
contextual strategies had relatively uniform effects across
the demographic groups tested.

Variable Estimate Std. Error P-value
(Intercept) -1.337 0.085  2e-16 ***
Female 0.155 0.112 0.165
Old -0.467 0.174 0.007 **
Conceptual 0.054 0.118 0.645
Contextual 0.103 0.117 0.376
Linguistic 0.113 0.117 0.336
Neutral 0.016 0.119 0.892
Old:Conceptual -0.008 0.211 0.969
Old:Contextual 0.295 0.206 0.153
Old:Linguistic -0.619 0.216 0.004 **
Old:Neutral -0.358 0.219 0.103
Female:Conceptual -0.128 0.149 0.391
Female:Contextual -0.093 0.147 0.528
Female:Linguistic 0.289 0.151 0.055
Female:Neutral -0.185 0.153 0.228

Table 8: Logistic regression coefficients for engagement
with ad text on Facebook by personalization method. The
reference categories are no-text (ad variant), young adults
(age), and male (gender). *** p < 0.001, ** p < 0.01, *
p < 0.05, 'p < 0.10.



Attribute Strategy  Highest Evaluated Ad Model Score

Women Linguistic =~ Women, escape the everyday! Conquer Europe’s toughest trek, Corsica’s GR20. Gemini  3.66

Rediscover yourself through challenge and breathtaking beauty. Read more and find
your strength!

Concept Seeking a transformative adventure? Discover the GR20 trek in Corsica, where ev-  GPT 3.62
ery step is a testament to resilience and empowerment. Perfect for women who crave
both challenge and change. Learn more about this life-altering experience!

Context Escape the mental grind and embrace the physical challenge of Corsica’s GR20. GPT 3.80
Experience the beauty and solitude of Europe’s toughest trek. Ready to be trans-
formed? Read more about this incredible journey!

Men Language Men, conquer Europe’s toughest trek! This incredible journey across Corsica’s Gemini  3.58

GR20 will challenge you physically and mentally, leaving you rejuvenated and
transformed. Read more to discover your next adventure!

Concept Escape the everyday grind. Conquer the GR20 in Corsica — Europe’s most challeng-  Gemini  3.74
ing hike. Test your limits, build resilience, and return a stronger, more focused you.
Perfect for men seeking a transformative experience. Learn more!

Context Escape the mental grind and dive into the physical challenge of Corsica’s GR20. GPT 4.01
Experience the raw beauty and rugged terrain that will rejuvenate your spirit. Curi-
ous about the journey? Read more about this transformative trek!

Old Language Fellow adventurers (55+): Ready for a life-changing experience? Conquer Europe’s  Gemini ~ 3.21

toughest trek, Corsica’s GR20! Read this inspiring story of rejuvenation and redis-
covery. Learn more!

Concept Rediscover the thrill of adventure and the joy of nature with Corsica’s GR20 trek. =~ GPT 3.59
Perfect for those who cherish life’s challenges and the beauty of the great outdoors.
Learn more about this incredible journey and start planning your next adventure!

Context Experience the ultimate escape from modern life’s hustle with Corsica’s GR20 trek. =~ GPT 3.50
Dive into a world where every step demands focus and rewards with breathtaking
views. Ready to transform your journey? Read more about this spectacular trek!

Young Language  Hey adventurers! Ready to swap screen time for mountain climbs? Discover how  GPT 3.51

the GR20 trek in Corsica transformed one explorer. Dive into the wild and find your
own story. Read more: [link]

Concept Craving a break from the digital grind? Embrace the ultimate adventure on Cor- GPT 3.78
sica’s GR20. Challenge yourself, connect with nature, and return renewed. Your
epic journey awaits! Learn more: [link]

Context Tired of feeling burnt out? Discover how one writer found rejuvenation on Corsica’s  Llama 3.66
GR20 trek, and why it might be the ultimate antidote to modern life. Read more!

Neutral None Ready for a life-changing adventure? Discover the GR20, Europe’s toughest trek, Gemini  3.90
and transform your mind and body. Experience Corsica’s breathtaking landscapes
and find your true self. Read more about this incredible journey! [link]

Table 9: Top-rated personalized ad texts for each demographic across different personalization strategies, with associated LLM
and weighted evaluation score.
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