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Abstract

Understanding how moral and emotional language operates in paid social advertising
is essential for evaluating persuasion and its ethical contours. We provide a descriptive
map of Moral Foundations Theory (MFT) language in Meta ad copy (Facebook/Instagram)
drawn from seven global beverage brands across eight English-speaking markets. Us-
ing the moralstrength toolkit, we implement a two-channel pipeline that combines an
unsupervised semantic estimator (SIMON) with supervised classifiers, enforces a strict
cross-channel consensus rule, and adds a non-overriding purity diagnostic to reduce
attribute-based false positives. The corpus comprises 758 text units, of which only 25 ads
(3.3%) exhibit strong consensus, indicating that much of the copy is either non-moral or
linguistically ambiguous. Within this high-consensus subset, the distribution of moral cues
varies systematically by brand and category, with loyalty, fairness, and purity emerging as
the most prominent frames. A valence pass (VADER) indicates that moralized copy tends
toward negative valence, yet it may still yield a constructive overall tone when advertis-
ers follow a crisis–resolution structure in which high-intensity moral cues set the stakes
while surrounding copy positions the brand as the solution. We caution that text-only
models undercapture multimodal signaling and that platform policies and algorithmic
recombination shape which moral cues appear in copy. Overall, the study demonstrates
both the promise and the limits of current text-based MFT estimators for advertising: they
support transparent, reproducible mapping of moral rhetoric, but future progress requires
multimodal, domain-sensitive pipelines, policy-aware sampling, and (where available)
impression/spend weighting to contextualize descriptive labels.

Keywords: moral foundations theory; digital advertising; Meta Ads Library; advertising
copy; platform governance; sentiment analysis (VADER); SIMON; multimodal persuasion;
alcohol marketing; computational text analysis

1. Introduction
This paper examines moral language in Meta ad copy—the standardized textual fields

(primary text, headline, description) that accompany images and videos in paid placements
on Facebook and Instagram. Marketing has long leveraged affect to shape judgment and
capture attention [1–3]; neuroimaging shows reward- and emotion-related activation during
consumer choice, consistent with hot–cold empathy gaps [4] and with the vulnerability
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that bounded rationality creates for strategically crafted appeals [5]. Beyond generic
affect, moral language is distinctive: people routinely ascribe moral value to marketplace
choices, and intuitionist accounts—rapid, affect-laden judgments followed by post hoc
reasoning—explain why moral cues can be consequential [6]. At the same time, prior
work indicates that moral language is relatively uncommon in everyday communication,
appearing in only a small fraction of conversations and social-media posts [7]. This scarcity
underscores both the analytical challenge and the potential informativeness of detecting
moral cues when they do appear in commercial contexts.

Moral Foundations Theory (MFT) provides a tractable framework for categorizing
moral content into care/harm, fairness/cheating, loyalty/betrayal, authority/subversion,
and purity/degradation [8]. In an intuitionist view, moral judgments are not primarily the
product of deliberation but arise from fast, affective appraisals that guide judgments of right
and wrong [6,9]. In marketing contexts, evidence links morally charged communication
to shifts in consumer responses, particularly when appeals align with audience moral
identities [10–13]. We adopt MFT in an explicitly exploratory manner, using it as an
organizing framework to describe patterns in advertising copy rather than to infer causal
effects or persuasive effectiveness. We use MFT pragmatically for three reasons. First, it
provides operationally distinct and lexicon-mappable dimensions that have been widely
used in consumer research [6,9]. Second, it generates audience-congruence predictions that
have been empirically validated in marketing and prosocial behavior contexts [10,11]. Third,
it aligns well with existing computational tools designed for large-scale text analysis [14].

We choose to study ad copy because it constitutes a standardized, comparable, and
explicitly optimized textual component of advertising. Ad copy is typically brief and
carefully crafted to convey core persuasive cues under tight platform constraints, making
it directly comparable across brands and product categories. Prior research shows that
verbal information in advertising plays a crucial role in clarifying product attributes and
guiding consumer inferences [15], even when other elements are present. Moreover, textual
elements, once attended to, tend to receive deeper processing and support more specific
interpretations [16]. From a measurement standpoint, copy fields are easily extractable,
platform-defined, and systematically optimized by advertisers, making them a tractable
and analytically consistent unit for large-scale text analysis.

Studying morality is important in this context because platform governance further
shapes moral expression. Meta’s review and policy systems restrict violent, discriminatory,
or politically sensitive content [17]. Simultaneously, the ad-delivery stack encourages
multiple variants of primary text, headlines, and descriptions that are algorithmically
recombined with different creatives to optimize outcomes [18], and text quality predicts
click-through and related metrics [19]. In practice, marketers tune language to “fit” al-
gorithms and policies, embedding implicit moral cues that preserve resonance without
triggering filters [20]. Under these constraints, explicit moral language may be attenu-
ated, while subtler or implicit moral framing can persist—making its detection analytically
demanding but potentially informative.

Against this backdrop, we provide a descriptive map of moral and emotional language
in Meta ad copy using MFT as the organizing framework. We assemble a cross-market cor-
pus from the Meta Ad Library, focusing on leading global firms selected from established
rankings with transparent, annually updated methodologies, and examine categories with
heightened public-health and sustainability salience—alcohol and tobacco—given their reg-
ulatory scrutiny, responsibility messaging, and alignment with SDG 3 and SDG 12 [21,22].
Consequently, the study is designed as a pilot and hypothesis-generating exercise rather
than a definitive assessment of brand-level strategies. Our analysis addresses three primary
quantitative research questions: (RQ1) How are moral foundations distributed in Meta ad
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copy across brands? (RQ2) How does foundation usage differ within high-salience cate-
gories (alcoholic vs. non-alcoholic)? (RQ3) To what extent do moral and sentiment-laden
terms co-occur?

To make the complex labeling mechanics transparent, we supplement this corpus-level
analysis with a fourth, qualitative objective: to conduct an expert-led “deep dive” into a
representative subset of ad exemplars, illustrating the interplay of the unsupervised and
supervised channels and the application of the consensus rules.

We conduct a descriptive (non-causal) analysis of textual ad fields; moral signaling
conveyed visually or auditorily is undercaptured. Platform policies likely suppress explicit
moral language, biasing distributions toward implicit cues. Algorithmic recombination of
copy–creative variants complicates precise alignment between text and served impressions.
Text embedded in images, sarcasm/irony, and cross-language nuances may be missed
or misclassified. Sampling leading global firms and focusing on alcohol/tobacco limits
representativeness but targets economically salient actors under strong public-interest
scrutiny; the covered time window further constrains generalizability. To preserve cohe-
sion with the rest of the manuscript, Materials and Methods details the Meta Ads Library
data source (Graph API v23.0), brand and market sampling, text normalization, and the
moral-language estimation pipeline (unsupervised SIMON and supervised classifiers,
consensus rules, confidence index, and purity diagnostics). Results reports foundation-
level distributions, co-occurrence patterns of moral and emotional terms, and sensitivity
checks—without inferring causal effectiveness. Discussion interprets these descriptive
patterns in light of multimodal creative, policy filtering, and algorithmic optimization,
articulates domain-specific limitations (including ongoing debates around MFT dimension-
ality and discriminant validity [9]) and outlines implications for future multimodal and
multilingual work. Conclusions summarizes the main takeaways and delineates avenues
for subsequent research.

2. Materials and Methods
2.1. Data Source and Sampling Frame

We assembled a multi-market corpus of brand advertising messages retrieved from
Meta’s Ads Library via the Graph API (v23.0). The corpus covers seven global beverage
brands—Coca-Cola, Pepsi, Red Bull, Heineken, Hennessy, Nescafé, and Corona—across
eight English-speaking markets: the United States, Great Britain (GB), Ireland (IE), Canada,
Australia, New Zealand, South Africa, and Singapore. The analysis is intentionally re-
stricted to English-language ad copy because the moralstrength toolkit and its underlying
moral dictionaries are validated for English text only [14]. Extending the pipeline to other
languages would require automated translation, which risks distorting culturally embed-
ded moral cues and introducing systematic bias in moral foundation assignment [23]. To
prioritize internal validity and interpretability of the moral-language estimates, we there-
fore limited the corpus to English-speaking markets and treat multilingual extension as a
priority for future work.

Brand selection followed the 2025 Forbes Global 2000 list (Food, Drink, and Tobacco
https://www.forbes.com/global2000/list/, accessed on 15 October 2025) and focused on
multinational beverage firms with high consumer visibility and policy relevance. From
a marketing perspective, relying on the Forbes Global 2000 provides a transparent and
externally validated benchmark of brand prominence, ensuring that the analysis targets
firms with substantial brand equity and symbolic influence [24,25]. Prior research shows
that highly salient, widely recognized brands play a disproportionate role in shaping
category meaning, consumer associations, and normative expectations, making them
appropriate focal actors for examining communicative strategies such as moral framing [26].
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By concentrating on leading global brands, we reduce noise from idiosyncratic or local
positioning strategies and increase the likelihood that observed moral-language patterns
reflect systematic tendencies rather than firm-specific anomalies. For RQ2, we contrasted
alcoholic (Heineken, Hennessy, Corona) versus non-alcoholic (Coca-Cola, Pepsi, Red Bull,
Nescafé) categories given their differing regulatory salience and responsibility messaging.

Because disclosure rules vary by country, harvesting proceeded in two stages. First,
in GB and IE—where comprehensive archive search is available—we discovered official
brand pages using disjunctive queries (for example, “Coca-Cola” OR “Coke”) and retained
candidates containing brand tokens, bounded by a minimum delivery date of 1 January
2021. We appended a curated list of verified page IDs to mitigate recall gaps. Second, we
projected discovered IDs to the other English-language markets and retrieved ads with
a uniform field set: unique identifiers; creation and delivery timestamps; text fields and
creative snapshot URL; language and platform metadata; impression and spend bounds
(lower/upper/average where available); demographic and geographic delivery aggregates;
and bylines.

For cross-country consistency, we respected the API constraint on ad_type: ALL in
GB/IE and POLITICAL_AND_ISSUE_ADS elsewhere, with graceful fallback if unsupported.
Because this can bias the pool toward issue ads outside GB/IE, we present GB+IE as a
commercial benchmark and either stratify or cautiously pool other markets. The primary
analysis window is 1 January 2021 through 15 October 2025; legacy creatives earlier than
2021 are included only when required by archive constraints and are flagged in robust-
ness checks.

Ads with multiple text bodies were exploded so that each body constituted a distinct
observation linked to its parent ad. The resulting analysis variable underwent Unicode
NFKC folding and whitespace compaction. The final dataset contains N = 758 text bodies
and serves as the basis for all quantitative analyses (RQ1–RQ3). Data are public, aggregated,
and non-personal; no sensitive attributes were accessed or inferred.

2.2. Depuration and Normalization

Prior to each run we removed residual outputs from previous executions to prevent
contamination. Normalization preserved lexical content while harmonizing diacritics and
spacing (for example, “Nescafé” → “Nescafe”). We retained analytic variables (normalized
text, identifiers, timestamps, delivery metadata) and deduplicated at both the parent-ad
and text-body levels.

2.3. Moral Language Estimation

To ensure robust classification of moral content, we implemented a dual-estimator
framework utilizing the moralstrength library [14]. This approach combines unsupervised
semantic proximity with supervised lexical mapping to triangulate moral signals in short-
form advertising text.

2.3.1. Unsupervised Estimator (SIMON)

The unsupervised channel (SIMON) quantifies the semantic similarity between the
document vector vt and the foundation-specific vector v f using cosine similarity:

C f (t) =
vt · v f

∥vt∥ ∥v f ∥
, f ∈ {care, fairness, loyalty, authority, purity}, (1)
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where C f (t) ∈ [−1, 1]. To facilitate linear comparison across models, raw similarities are
rescaled to a decile metric:

U f (t) = 5
(
C f (t) + 1

)
∈ [0, 10]. (2)

the model identifies the primary foundation (top_SIMON) and measures classification
confidence through the winning margin ∆U ,

sim_max(t) = max
f

U f (t), ∆U(t) = U(1)(t)− U(2)(t). (3)

and records the argmax label top_SIMON(t) = arg max f U f (t).

2.3.2. Supervised Estimator

The supervised channel utilizes a lexicon-based unigram estimator to map foundation-
specific evidence to calibrated probabilities S f (t) ∈ [0, 1]. Using the primary model m∗, we
extract peak probabilities and margin scores:

sup_max(t) = max
f

S(m∗)
f (t), ∆S(t) = S(m∗)

(1) (t)− S(m∗)
(2) (t), (4)

recording the argmax label top_SUP(t). These scores serve as high-precision filters for
ranking and diagnostic purposes.

2.3.3. Corpus-Wide Classification and Error Awareness

We applied this dual-modeling approach to the full corpus (N = 758) to gener-
ate continuous foundation scores and top-label candidates. This comprehensive map-
ping addresses brand-level distributions (RQ1), category-specific contrasts (RQ2), and
moral–sentiment associations (RQ3).

However, short-form advertising introduces lexical noise; promotional jargon (e.g., slo-
gans, calls to action) may mimic moral foundations without expressing moral intent [27].
To mitigate the risk of false positives, we utilize a two-tier analytic strategy: (1) descriptive
mapping of the full corpus to maintain scope, and (2) a high-precision depuration process
to isolate a smaller set of high-consensus moral signals.

2.4. Consensus Rules and Label Assignment

We define a high-confidence subset based on strict inter-model agreement to maximize
the precision of the assigned moral label. Using a priori thresholds (τS = 0.75, τU = 7.5),
we identify observations for which both channels converge on the same moral foundation.

Icons(t) =

{
1, sup_max(t) > τS ∧ sim_max(t) > τU ∧ top_SUP(t) = top_SIMON(t),

0, otherwise.
(5)

We quantify classification ambiguity (mixed_flag) based on narrow winning margins
(ε = 0.05):

mixed_flag(t) = 1[∆S(t) < ε ∨ ∆norm
U (t) < ε]. (6)

A normalized confidence index c(t) integrates both channels into a single metric:

sim_maxnorm(t) = sim_max(t)/10, c(t) = 1
2
(
sup_max(t) + sim_maxnorm(t)

)
. (7)

https://doi.org/10.3390/jtaer21010039

https://doi.org/10.3390/jtaer21010039


J. Theor. Appl. Electron. Commer. Res. 2026, 21, 39 6 of 21

2.5. Purity Diagnostic

To distinguish moral purity appeals from product formulation claims (e.g., “clean,”
“pure ingredients”), we implemented a diagnostic flag:

Jpurity(t) = 1
[
top_SUP(t) = purity ∧ Upurity(t)/10 < 0.60 ∧ R(t) = 1

]
, (8)

where R(t) identifies marketing-specific keywords. This ensures that physical product
descriptions are not conflated with moral signaling.

2.6. Moral–Sentiment Co-Occurrence (RQ3)

Sentiment analysis was performed using VADER [28], selected for its sensitivity to
short-form and informal advertising text. For each text t, VADER generates polarity scores
and a normalized compound score scompound(t) ∈ [−1, 1]. These values are evaluated
against moral estimates using non-parametric association measures.

2.7. Analytical Strategy

Our descriptive analysis proceeds in three stages: (1) tabulating foundation distribu-
tions across brands and markets (RQ1), (2) performing category-level contrasts between
alcoholic and non-alcoholic segments (RQ2), and (3) assessing moral–sentiment alignments
via Spearman rank correlations between foundation scores and VADER metrics. To main-
tain statistical rigor, multiple comparisons are corrected using the Benjamini–Hochberg
procedure (α = 0.05) [29]. Findings are reported for both the full corpus (N = 758) and the
high-precision consensus subset (Icons = 1).

2.8. Consensus-Eligible Subset (N = 12)

From the full corpus, we removed items for which the channels disagreed on the
top moral foundation. The remaining cases exhibited inter-model agreement and were
partitioned into Strict Consensus (Equation (5)) and Low-Confidence Agreement (LCA).
LCA refers to cases in which the supervised and unsupervised channels agree on the top
moral foundation but do not meet the strict confidence thresholds specified in Equation (5)
and/or are flagged as ambiguous under Equation (6).

During this curation step, we further excluded cases that, despite differences in scope
or metadata, corresponded in practice to the same underlying ad copy (e.g., identical
text deployed across markets or delivery variants). These removals avoided redundant
qualitative interpretation and ensured that each exemplar represented a substantively
distinct moral narrative. As a result, manual review identified near-duplicates, and a
subject-matter expert curated a final, balanced, consensus-eligible subset for qualitative
analysis. Figure 1 illustrates the funnel process from the full corpus used to address the
three research questions to the consensus-eligible subset used for qualitative analysis.

2.9. Validation, Governance, and Reproducibility

HTTP requests handled 429/5xx responses with exponential backoff; pagination
continued until exhaustion or a configured limit. We persisted intermediate artifacts (dis-
covered page IDs and the final ad table). Each run began by dropping prior unsupervised
outputs, model-suffixed columns, and derived flags to prevent leakage across experiments.
All thresholds (τS = 0.75, τU = 7.5, ε = 0.05, Upurity/10 < 0.60) were set a priori and
varied in sensitivity analyses. Analytic code recorded software versions and random seeds;
results are reproducible from the provided scripts and configuration files. Grammar tools
such as Grammarly and Generative AI assisted only with language polishing and document
structure, and were not used for data collection, modeling, or statistical estimation.
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2.10. Ethics and Data Availability

The study uses public, aggregate advertising data and does not involve human subject
research as defined by institutional policy; no personal data were processed. Data-collection
scripts and derived data sufficient for replication are provided, subject to platform terms,
together with instructions for recreating the corpus from the Ads Library.

Total Corpus
(N = 758)

Agreement = True (both channels match)
(N = 25)

Strict Consensus
(τS > 0.75, τnorm

U > 0.75)
(N = 8)

Low-Confidence Agreement
(agree, below at

least one threshold)
(N = 17)

Consensus-eligible subset
(N = 12 = 6 strict + 6 low)

Filter: Remove Disagreement (N = 733)

Filter: Apply confidence rule
(τS > 0.75)

Filter: Expert curation
(remove duplicates)

Figure 1. Flowchart of the data selection process, filtering from the total corpus to the consensus-
eligible subset.

3. Results
3.1. Model Calibration and Consensus

To ensure the reliability of moral labels generated by our dual-channel pipeline, we
implemented a conservative selection funnel based on agreement, confidence, and am-
biguity metrics (Figures 2–4). The distribution of the full corpus (N = 758) across the
confidence–confidence plane is visualized in Figure 2. The upper-right quadrant isolates
the consensus-eligible subset, where high-confidence convergence occurs between super-
vised probabilities (Smax > 0.75) and unsupervised semantic similarities (Unorm > 0.75).
Observations falling outside this quadrant or marked as model disagreements underscore
the significant lexical noise inherent in short-form advertising copy, justifying a two-tier
depuration strategy to maintain high-precision moral signals.

Figure 3 quantifies the resulting classification outcomes. The vast majority of the
corpus (N = 733, 96.7%) results in channel disagreement, where the two models differ
in their primary foundation assignment. Within the agreement cases (N = 25, 3.3%), we
distinguish between the high-precision Consensus Met core (N = 8, 1.1%) and the Agree
(Low Confidence) group (N = 17, 2.2%), which converges on a label but fails one or both
calibrated thresholds.

Finally, Figure 4 diagnoses classification ambiguity through winning margins (∆). The
analysis reveals that while the supervised lexical model (left, ∆S) is highly decisive, the
unsupervised semantic model (right, ∆norm

U ) acts as the primary driver of ambiguity due to
a high frequency of near-ties (∆ < 0.05). This divergence validates our requirement for dual-
model agreement and stringent confidence markers. At the same time, the Consensus Met
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subset provides the most reliable foundation for qualitative inspection; the low-confidence
agreed cases serve only as secondary indicators for limited robustness checks.

Figure 2. Model calibration and consensus quadrant selection (N = 758). Technical parameters and
resulting subset sizes are summarized in the lower panel.

Figure 3. Final outcome distribution of the consensus rule (N = 758). The chart quantifies the
transition from the total corpus to the isolated high-precision subsets.
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Figure 4. Distribution of winning margins (∆) across channels (N = 758). The supervised channel is
generally decisive, while the unsupervised channel exhibits a higher concentration of near-ties below
the 0.05 threshold.

3.2. RQ1: Distribution of Moral Foundations in the Full Corpus (N = 758)

We first analyze the distribution of final moral labels across the full 758-item corpus.
The heatmap in Figure 5 and the detailed percentages in Table 1 reveal distinct brand-
level strategies.

Table 1. Moral Foundation Distribution by Brand in the Full Corpus.

Moral Label Final Lower Care Fairness Loyalty Authority Purity Non-Moral Mixed
Brand

Coca-Cola 0.76 15.27 8.40 3.05 0.76 4.58 67.18
Heineken 0.84 2.52 15.13 1.68 9.24 7.56 63.03
Hennessy 0.00 0.00 53.85 0.00 3.85 3.85 38.46
Pepsi 0.00 40.00 0.00 0.00 0.00 12.50 47.50
Red Bull 0.00 6.45 3.23 0.00 3.23 6.45 80.65
Unknown 0.26 12.11 8.68 1.32 2.37 23.42 51.84

Note. Share of Ad Copy % from N = 758.

Brands show clear preferences: Hennessy’s messaging is overwhelmingly dominated
by loyalty (53.85%), and Pepsi’s by fairness (40.00%). Other brands show a more di-
verse moral palette; Coca-Cola utilizes both loyalty (20.61%) and fairness (15.27%), while
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Heineken also leans on loyalty (16.81%) but adds significant use of purity (9.24%). The
“Unknown” category, which contains ads where a brand could not be inferred, has the
largest share of non-moral text (23.42%), as expected for ads lacking clear brand identifiers.

Figure 5. Heatmap of moral foundation distribution (share of ad copy %) by brand for the full
corpus. Brands exhibit distinct moral foundation preferences.

3.3. RQ2: Category Contrast (Alcoholic vs. Non-Alcoholic) N = 758

Aggregating brands into ‘Alcoholic’ and ‘Non-Alcoholic’ categories reveals a clear
divergence in moral framing, as shown in Figure 6 and Table 2. A stark contrast emerges:
the Alcoholic category (e.g., Heineken, Hennessy) most frequently employs loyalty (23.45%)
and purity (8.28%). This suggests a focus on in-group identity, heritage, and the quality or
integrity of the product.

Figure 6. A stacked bar chart comparing the relative share of moral foundations used in ad copy for
Alcoholic vs. Non-Alcoholic beverage categories. The ‘mixed’ category is excluded.

https://doi.org/10.3390/jtaer21010039
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Table 2. Moral Foundation Distribution by Beverage Category (Share of Ad Copy %).

Moral Label Final Lower Care Fairness Loyalty Authority Purity Non-Moral Mixed
Category

Alcoholic 0.69 2.07 22.07 1.38 8.28 6.90 58.62
Non-Alcoholic 0.43 17.17 5.58 1.72 1.29 6.44 67.38

Conversely, the Non-Alcoholic category (e.g., Coca-Cola, Pepsi) heavily favors fairness
(17.17%) and, to a lesser extent, loyalty (12.45%). This framing aligns with messages of
social justice, equality, and community engagement, which are common themes in their
corporate social responsibility campaigns.

3.4. RQ3: Moral–Sentiment Co-Occurrence N = 758

To answer RQ3, we assessed the co-occurrence of moral language with emotional
sentiment. An initial pass using the NRC Emotion Lexicon (nrclex, [30]) yielded no matches,
indicating its lexicon has poor coverage for our ad copy corpus. As a robust alternative,
we used VADER to calculate sentiment polarity scores and computed the Spearman rank
correlation (ρ) between these scores and our supervised moral foundation scores.

The results (Figure 7) reveal a distinct pattern of affective intensity. All five moral
foundations show a moderate, positive correlation with VADER’s compound sentiment
score (e.g., Care ρ = 0.38; Authority ρ = 0.36). This suggests that moralized text is
significantly more emotionally charged than non-moral text.

However, a decomposition of the sentiment channels reveals that this intensity is
primarily driven by negative vocabulary. Contrary to expectation, the correlation with the
negative sentiment score (e.g., Purity ρ = 0.27; Loyalty ρ = 0.24) is consistently stronger
than the correlation with the positive score (e.g., Purity ρ = 0.00; Loyalty ρ = 0.05). This
indicates that while the overall message (Compound) may be persuasive or constructive,
the specific moral vocabulary employed is frequently rooted in the description of violations,
problems, or threats.

Figure 7. A correlation matrix (heatmap) showing the Spearman rho coefficient between supervised
moral foundation scores and VADER sentiment polarity scores.

https://doi.org/10.3390/jtaer21010039
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3.5. Illustrative Exemplars from the Consensus-Eligible Subset N = 12

To evaluate the operational validity of the labeling pipeline, we selected a target subset
of twelve advertisements (t1–t12) for qualitative inspection (Tables 3 and 4). This selection
represents the high-precision segment of the corpus, spanning both alcoholic and non-
alcoholic categories across various creative styles, including promotional copy, corporate
updates, and social responsibility messaging.

Table 3. Low-Confidence Agreement (LCA) advertisements (t1–t7) from the final curated set.

ID Approach Brand Ad Copy Moral Label

t1 LCA Heineken As we continue to celebrate women in our business in recognition of
International Women’s Day we wanted to call out one special team at
HEINEKEN UK who’ve been working tirelessly to make sure our ciders &
beers are available for our customers online.

loyalty

t2 LCA Heineken From working at HEINEKEN by week to dancing their way through
Manchester by weekend! Our colleagues showed up for the LGBTQIA+
community at @manchesterpride and brought the joy, the love, and some
incredible dance moves with them! Brewing With Love.

loyalty

t3 LCA Coca-Cola You all know what time it is! This week’s Digest is landing early with the
latest highlights from the world of CCEP, including thoughts from our CEO
on an important milestone, highlights from our Ramadan activations, and
an escape to a digital world for football fans. Curious to learn more? Click
the Weekly Digest News link in our bio for the inside scoop! We Are CCEP
Innovation Immersive Marketing.

loyalty

t4 LCA Coca-Cola Enjoyed together since 1900. Try the new Bacardi & Coke premixed drink in
a can.

loyalty

t5 LCA Coca-Cola Add a Coca-Cola to your order for a chance to win free flights across
Europe! * Coca-Cola Tasty Celebrations.

authority

t6 LCA Coca-Cola Order now on Deliveroo. authority

t7 LCA Heineken We’re proud to continue our commitment to innovation and delivering
exceptional drinks for our consumers. Please welcome the latest addition to
the Old Mout family: Old Mout Cider Cocktails! Our new cider cocktails
are a bold fusion of crisp, refreshing Old Mout cider and premium spirits.
This launch reflects our ongoing dedication to expanding choice and
elevating taste experiences, offering adventurous drinkers two vibrant new
flavours—vodka with passionfruit and lime, and gin with raspberry and
rhubarb. It’s more than just cider; it’s the spirit of innovation in every sip.
Cheers to exploring new horizons together!

mixed

* LCA items agree on the assigned moral label but do not meet one or both high-confidence thresholds defined in
Equation (5).

Table 4. Extrict advertisements (t8–t12) from the final curated set.

ID Approach Brand Ad Copy Moral Label

t8 Extrict Coca-Cola Step 1: Find a recycling machine at a Merlin Attraction. Step 2: Recycle
your 500 mL plastic bottle during your visit. Step 3: Scan the QR code or
visit the link on your device for a chance to WIN big! Good luck! UK/ROI
18+. Closes 07.09.25. Retain printed receipt for proof of entry. T&Cs apply,
see https://merlinmagic.biz/coketerms/ (accessed on 15 October 2025).
* Recycling machines are located inside participating attractions; entry
ticket required.

purity

t9 Extrict Heineken Claim your free pint of Heineken® 0.0 today. “Redemption never tasted
this good.”

purity

t10 Extrict Heineken Is it still home advantage if you’re on clean-up duty? Heineken 0.0. Great
taste. Zero alcohol.

purity
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Table 4. Cont.

id Approach Brand Ad Copy Moral Label

t11 Extrict Heineken Today, we celebrated how far we’ve come as a company with our
commitment to fostering an open and inclusive workplace that values the
contribution of every colleague. It was amazing to host our first Diversity,
Equity, and Inclusion Townhall, “Brewing Inclusion,” in Brighton just
before the Pride weekend! We’ll keep pushing forward together with our
Colleague Networks to promote a culture of belonging where everyone
feels safe, included, and valued for who they are. Happy Pride! Brew a
Better World—Diversity, Equity, Inclusion, Pride.

care

t12 Extrict Coca-Cola To our colleagues in the Netherlands: our manufacturing site in Dongen has
been awarded a platinum certification—the highest level—for sustainable
water stewardship by the global Alliance for Water Stewardship (AWS), a
global membership collaboration that drives, recognises, and rewards good
water stewardship performance. The best bit? This is the first AWS
certification for any site in the Netherlands. The site has worked hard over
the years to optimise water usage, collaborating with local partners and
adapting its bottle-washing line to reuse only clean, reclaimed water. These
measures have improved water efficiency and contribute to protecting the
health of the watershed and local ecosystem. Water is essential across our
value chain, and we must treat it with the care it deserves. Good water
stewardship is a key part of our sustainability strategy, focused on reducing
water consumption and protecting local sources for future generations. The
Dongen site is also part of a CCEP programme aiming for at least six sites to
become carbon-neutral certified according to PAS 2060 by the end of
2023—a key part of our Net Zero 2040 ambition.

care

* The label Extrict identifies ad copies that satisfy the high-confidence rule defined in Equation (5).

For each exemplar, we extracted foundation scores from the unsupervised SIMON
model and the supervised classifiers (Table 5). Final labels were assigned according to
the dual-channel consensus logic defined in Equation (5). Table 6 summarizes the specific
metrics and classification decisions for this subset.

Table 5. Moral foundation scores by channel for each advertisement (t1–t12) using the unsupervised
SIMON (0–10) and supervised SUP (0–1) models.

Text ID

Foundation Metric t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11 t12

Care SIMON
(0–10)

– – – – – – – – – – 8.60 8.65

SUP (0–1) 1.000 1.000 1.000 0.342 0.277 0.350 1.000 1.000 0.594 0.998 1.000 1.000

Fairness SIMON
(0–10)

– – – – – – – – – – 4.21 4.50

SUP (0–1) 1.000 1.000 1.000 0.375 0.080 0.062 1.000 1.000 0.881 0.991 1.000 1.000

Loyalty SIMON
(0–10)

5.20 6.20 6.38 7.20 – – 7.00 – – – 6.80 5.40

SUP (0–1) 1.000 1.000 1.000 0.735 0.194 0.173 1.000 1.000 0.207 0.804 1.000 1.000

Authority SIMON
(0–10)

– – – – 8.00 8.00 6.40 – – 7.17 – –

SUP (0–1) 1.000 0.999 1.000 0.196 0.638 0.580 1.000 0.998 0.464 0.994 1.000 1.000

Purity SIMON
(0–10)

– – – – – – – 8.00 8.00 7.67 – 7.83

SUP (0–1) 1.000 1.000 1.000 0.581 0.226 0.223 1.000 1.000 0.910 0.999 1.000 1.000

Notes: SIMON is an unsupervised lexical model scored on a 0–10 scale; SUP is a supervised unigram+count
model scored on a 0–1 scale. Dashes (–) indicate values not applicable or not detected.
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Table 6. Summary of the label-decision metrics for each advertisement ti based on Equation (5). All
exemplars (t1–t12) are shown.

ID sup_max ∆S sim_max ∆U min(∆S, ∆U) Moral Label

t1 1.000 0.000 5.200 5.200 0.000 loyalty
t2 1.000 0.000 6.200 6.200 0.000 loyalty
t3 1.000 0.000 6.375 6.375 0.000 loyalty
t4 0.735 0.154 7.200 7.200 0.154 loyalty
t5 0.638 0.361 8.000 8.000 0.361 authority
t6 0.580 0.229 8.000 8.000 0.229 authority
t7 1.000 0.000 7.000 0.600 0.000 mixed
t8 1.000 0.000 8.000 8.000 0.000 purity
t9 0.910 0.029 8.000 8.000 0.029 purity

t10 0.999 0.001 7.667 0.500 0.001 purity
t11 1.000 0.000 8.600 1.800 0.000 care
t12 1.000 0.000 8.648 0.814 0.000 care

Within this illustrative set, all observations satisfied the high-confidence consensus
criteria. The resulting distribution identifies loyalty and purity as the primary foundations,
with care emerging in specialized contexts (t11, t12).

Crucially, this subset demonstrates the robustness of the two-channel approach over
single-model estimators. For instance, several cases (e.g., t1, t3, t4) exhibit supervised ties
(∆S = 0.000) where a standalone lexical classifier would fail to provide a decisive label. In
these instances, the strong cross-channel consensus—where the unsupervised semantic
matcher provides a clear tie-break—takes precedence, allowing for stable classification.
This validates the depuration strategy as a means of ensuring interpretive reliability in the
presence of lexical ambiguity.

4. Discussion
This study offered a descriptive map of moral language in digital advertising by

applying a two-channel MFT pipeline to Meta ad copy. In line with intuitionist accounts
that emphasize fast, affect-laden appraisals [8,9,31], we treated foundations as operationally
distinct, lexicon-mappable dimensions [14] and refrained from causal claims. Our analyses
addressed three questions—brand/market distributions (RQ1), category contrasts (RQ2),
and co-occurrence/alignment patterns (RQ3)—and surfaced domain-specific challenges
tied to multimodality, platform governance, and algorithmic optimization. As outlined
before, this study is intentionally exploratory and descriptive, and all interpretations should
be read in light of platform filtering, multimodality, and conservative labeling thresholds.

4.1. Interpreting Brand and Category Strategies

Moral language is not a uniform background feature of advertising copy; it is strate-
gically deployed and patterned by brand identity and product category. Given strong
platform constraints, this research design aimed to establish whether moral framing is
detectable at all, rather than to estimate its prevalence or persuasive effectiveness. Ac-
cordingly, we primarily relied on the baseline classification of the full corpus (N = 758), as
shown in Table 1, to interpret brand- and category-level strategies.

At the brand level, stark differences emerged. For example, Hennessy concentrated
on loyalty (53.8%), consistent with heritage-based and in-group positioning, whereas Pepsi
emphasized fairness (40.0%), aligning with community-oriented and social-good narratives.
This pattern accords with prior evidence that persuasion improves when moral cues align
with audience identities or ideological profiles [10,11], as well as with Moral Foundations
Theory’s prediction that communities differentially weight moral “channels” [8,31].
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Notably, Coca-Cola and Pepsi, two closely competing brands, adopted different strate-
gies in their use of moral language in advertising copy. Coca-Cola drew on multiple moral
foundations, emphasizing loyalty and fairness, whereas Pepsi relied almost exclusively
on fairness. However, Pepsi’s use of fairness-related language should be interpreted with
caution. Under the strict consensus criteria, no morally charged advertising copy from this
brand was identified. This pattern suggests that the fairness signals attributed to Pepsi
in the full corpus were likely driven by false positives rather than by substantive moral
framing. Consequently, we performed a manual check of the fairness texts for Pepsi and
identified 21 matches which, after removing duplicates, corresponded to five unique ad
copies. These ads mostly referenced sports-related activities (e.g., “Cheers to more games
this Christmas,” “It’s time to cheer like a fan, @oceanlewis takes us through all the steps to support
your team,” and “Football and fashion is a match made in heaven. . . if you do it correctly”), which
leads us to conclude that the MoralStrength package [14] is likely conflating fairness-related
moral language with themes of competition and sportsmanship.

At the category level (RQ2), alcoholic placements showed a dual emphasis on loyalty
(23.5%) and purity (8.3%). The first frames consumption via tradition and group belonging;
the second invokes product integrity (e.g., low/no-alcohol variants), underscoring the need
to distinguish moral purity from descriptive cleanliness or formulation claims. Our purity
diagnostic was designed precisely for this disambiguation (see (8)). In contrast, non-alcoholic
ads prioritized fairness (17.2%), consistent with broad CSR-style appeals that link brands
to equality or community support [9].

Red Bull constitutes a distinctive case within our sample because, although it is not
an alcoholic beverage, it is marketed primarily to adults. Our results show that its adver-
tising stands out for the near absence of authority- and care-related moral language. This
pattern aligns with the brand’s longstanding communication strategy, which foregrounds
autonomy, energy, and individual achievement rather than empathy or moral constraint.
As noted by Rogers [32], Red Bull’s identity is not built upon normative or paternalistic
discourse, but instead on an aspirational narrative that emphasizes personal freedom and
the pursuit of self-defined limits. From a Moral Foundations Theory perspective, the
brand neither seeks to “care for” consumers nor to invoke hierarchical authority; rather, its
messaging is oriented toward freedom. Its slogan “it gives you wings” encapsulates this
ethos of empowerment, positioning the individual as the agent of their own vitality.

It is worth noting that, although recent work in MFT proposes Liberty/Oppression as
a sixth foundation [33], our computational tool was not designed to detect liberty cues. It
is therefore plausible that Red Bull’s messaging deploys liberty-based moral framing that
remained unclassified by our model.

Moving to aggregate patterns across firms, our analysis of the distribution of moral
foundations indicates that brands show a lower propensity to employ authority-based
moral language. Prior research proposes that such restraint is expected when firms target
the “cosmopolitan consumer,” who is open-minded toward products and receptive to
diversity and multiculturalism messaging [34]. Because our sample comprises globally
recognized brands, the paid ads we analyzed likely fit this category, and thus tend to
avoid authority appeals. Conversely, it is noteworthy, given Wei et al. [35], that care
was not used more often. Their work suggests that care is the most salient dimension
consumers evaluate when judging a brand’s morality, and it is associated with greater trust
and purchase intention.

4.2. Strategic (Ad Copy) vs. Spontaneous (UGC) Moral Language

Our RQ3 analyses highlight a key domain distinction. Attempts to pair foundations
with discrete emotion lexicon counts (e.g., NRC) yielded sparse, sometimes empty matrices
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(less a coding error than an empirical feature of professionally produced, policy-constrained
copy). By design, paid ads avoid overt anger/disgust terms and polarizing vocabulary
in accordance with platform standards that restrict violent, discriminatory, or politically
sensitive content [17] and with industry practice in which copy variants are tuned to
fit algorithmic delivery while avoiding filters [18,20]. This pattern aligns with evidence
that polarization can depress purchase intention by associating a brand with opposing
ideological messages, even when initial preference is high [36].

However, the text remains affectively charged. A valence-oriented analysis using
VADER [28] revealed positive associations between moral foundations and the compound
sentiment score, alongside positive associations with negative valence. Despite the preva-
lence of negative unigrams, advertisers usually try to remain constructive [37]. The cor-
relation between moral foundations and negative sentiment (ρneg > ρpos) aligns with the
“negativity bias” [38], whereby negatively valenced language is more cognitively salient
and can, in turn, be leveraged to increase the reach of marketing strategies and product
adoption [39].

These observations also point to broader issues that involve multimodality, platform
governance, and algorithmic optimization. Several structural features of paid social media
advertising shape the way moral language and negative language appear in the copy. First,
advertisements are inherently multimodal. Text–image relations tend to be complementary
rather than redundant: textual elements provide semantic precision, whereas visuals
amplify affect and cultural resonance [40]. Imagery and video often elicit stronger emotional
responses than text alone [41], and viewers typically attend to textual content more deeply
once initial attention has been captured [16]. Verbal information therefore remains crucial
for clarifying product attributes and guiding consumer inferences [15]. However, because
our analyses focus exclusively on text, any moral cues conveyed primarily through visual
or narrative elements are necessarily underrepresented.

Second, governance and optimization matter. Meta’s ad policies shape what can
be said [17], and the delivery stack encourages multiple copy/headline variants that are
algorithmically recombined with creatives to optimize performance [18]. Text quality
itself predicts engagement [19]. In this tuned environment, implicit moral cues (subtle,
non-polarizing, policy-safe) are more likely than explicit moral claims [20]. These dy-
namics explain why our discrete-emotion lexicon failed in many cells while valence and
foundations still registered signals.

4.3. Qualitative Insights from Copy Analysis

Our qualitative reading of the exemplar advertisements (Table 4) reveals that the
pipeline’s primary label captures the dominant moral foundation but does not exhaust
the moral content present in each copy. For instance, the message we label as loyalty in
t1 celebrates collective effort toward a shared goal, yet it simultaneously invokes fairness
and care when it calls for respect for women and the LGBTQIA+ community (t2). Such
blending of signals underscores that marketers often craft multilingual moral narratives
to resonate with heterogeneous audiences. Moral Foundations Theory explicitly treats
morality as multi-dimensional: in addition to harm and fairness, cultures and individ-
uals also moralize loyalty, authority and purity [8]. Because communities weight these
“channels” differently, appeals that touch multiple foundations can broaden the audience,
aligning with evidence that liberals emphasize care and fairness, whereas conservatives
draw on the full palette of foundations [42]. Our findings suggest that brands exploit this
pluralism (embedding secondary cues alongside the primary frame) to engage consumers
with diverse sensitivities.
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The authority messages (e.g., t5, t6) illustrate another strategic nuance. We propose
that, in these examples, authority is not expressed through hierarchical or punitive rhetoric
but rather through directive language that gently instructs the audience (“check this out”,
“join us”, or “try now”). By couching authority in the form of friendly guidance, brands can
motivate behavior without appearing coercive or paternalistic, aligning with contemporary
content-creation practices [43,44]. However, prior research on authority-related language
in calls to action has typically operationalized authority using lexemes more directly
associated with obedience to authority figures, social hierarchy, or tradition (e.g., “respect,”
“obey,” or phrases such as “follow proud leaders”) [45,46]. From this perspective, the
examples discussed here may also reflect false positives arising from the limitations of the
proposed model, rather than unequivocal instances of moral authority framing.

Our inspection of t8–t10 also reveals that purity rhetoric extends beyond religious
sanctity. While MFT links purity concerns to spiritual and bodily cleanliness [8], advertisers
invoke these intuitions in secular forms. Several ads frame low- or zero-sugar products
as ways to avoid contaminating one’s body with harmful additives, or highlight environ-
mental stewardship through appeals to cleaning and protecting nature. Such messaging
resonates with audiences for whom purity entails maintaining health or preserving the
environment rather than observing sacred rituals. Research using moral foundations to
frame environmental issues finds that purity cues emphasizing contamination and cleans-
ing can increase pro-environmental concern among otherwise sceptical audiences (see [34],
for evidence on purity-based environmental appeals).

Finally, the single care exemplar (t11) speaks directly to a cosmopolitan, liberal audi-
ence. It stresses empathy, community support and social justice, hallmarks of the individ-
ualising foundations of care and fairness. This targeting is consistent with MFT findings
that care and fairness resonate most strongly with liberal audiences, whereas binding
foundations such as loyalty, authority and purity appeal more to conservatives [42]. These
qualitative observations complement our quantitative results by showing how advertisers
flexibly combine moral registers to craft inclusive narratives and by illustrating how purity
and authority frames are adapted to contemporary consumer sensibilities.

4.4. Methodological Implications and Limits

Methodologically, our dual-channel consensus rule (supervised & unsupervised)
trades coverage for precision. Only 102 of 663 unique ads (15.4%) cleared the strong-
agreement threshold, despite a larger set of text bodies (758), indicating that much ad
copy is either non-moral or too ambiguous for confident labeling. This justifies a two-
tier reporting strategy: broad, unweighted distributions for scope, and a transparently
curated high-consensus subset for interpretability. The purity diagnostic further reduces
false-positive risk in categories where cleanliness/formulation vocabulary is common.
However, our strict consensus threshold yielded 25 high-confidence ads (3.3% of the
corpus), consistent with the general scarcity of moral rhetoric [7]. Throughout the paper,
we therefore frame our analysis as exploratory and caution that the patterns we report are
indicative rather than definitive.

Important limitations follow from design choices. First, our models are text-only;
multimodal integration is a priority for future work given known divisions of labor be-
tween visuals and text [15,16,40,41]. Second, data access is constrained: outside GB/IE,
API settings (POLITICAL_AND_ISSUE_ADS) can bias retrieval toward issue-oriented con-
tent, and our focus on large, English-language beverage brands narrows generalizability.
Third, the moralstrength tools were developed largely on spontaneous, user-generated
discourse [14]; domain shift to curated, policy-filtered copy increases ambiguity. Fourth,
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impression/spend weighting was not primary—though feasible where bounds are avail-
able—and should be explored as sensitivity.

4.5. Implications and Next Steps

Substantively, brands appear to mobilize distinct moral channels in ways that fit their
identities and categories—loyalty for heritage and in-group belonging, fairness for CSR-
style appeals, and purity where product integrity or health is salient. These patterns are
consistent with MFT’s pluralism and audience-congruence effects in persuasion [9–11,31].
Methodologically, domain-specific pipelines are needed. Three concrete directions follow
from our findings: (i) integrate ad-creative imagery with copy via multimodal encoders
so that visual moral cues (e.g., sanctity/purity iconography) are modeled jointly with
text; (ii) align analysis with platform variant optimization (A/B asset mixing), tracking
copy–creative pairings rather than text in isolation [18]; and (iii) incorporate text-strength
signals and delivery-side outcomes to calibrate descriptive labels against engagement
proxies [19].

Overall, mapping moral language in paid social contexts is feasible and informa-
tive, but it demands methods tuned to multimodal persuasion and platform governance.
Advancing this agenda will require combining intuitionist theory [8] with multimodal mea-
surement and policy-aware sampling so that moral communication in the marketplace can
be studied at scale, with nuance and with appropriate caution. Indeed, our strict consensus
rule and focus on a single product category produced a small high-confidence sample.
While this enhances precision, it limits generalisability. Future work should collect larger,
more diverse corpora (across categories, languages, and markets) and conduct human
coding to validate automated labels. Researchers could also link moral language intensity
to campaign effectiveness measures, where data are available, to assess whether moral
framing affects engagement or sales.

5. Conclusions
This paper mapped how brands mobilize moral language in Meta ad copy using a

two-channel Moral Foundations framework. Treating foundations as operational, lexicon-
mappable dimensions, we combined an unsupervised semantic estimator (SIMON) with
supervised classifiers and enforced a strict consensus rule, complemented by a purity
diagnostic. The resulting labels reveal patterned, brand- and category-specific use of moral
cues—most visibly in loyalty, fairness, and purity frames—while also showing that much
ad text is either non-moral or too ambiguous for confident classification. Together with the
valence-oriented sentiment pass, these findings support an intuitionist view of moralized
persuasion in paid social contexts while remaining descriptive and non-causal by design.

Methodologically, the study underscores that ad copy is strategic, multimodal, and
platform-governed: visuals carry a substantial share of affect; policies suppress overtly
polarizing language; and algorithmic recombination pairs copy with creatives in ways a
text-only pipeline cannot fully capture. Future work should therefore (i) integrate visuals
with text via multimodal encoders, (ii) align analyses to copy–creative variant mixing
and text-strength signals, (iii) incorporate impression/spend weighting where available,
and (iv) extend sampling beyond English and beverages to test cross-cultural and sectoral
generality. By releasing transparent rules and emphasizing reproducibility, this paper offers
a tractable baseline for studying moral communication in digital advertising and a roadmap
for building domain-sensitive, multimodal measurement that links moral cues, platform
constraints, and audience-congruent messaging at scale.
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